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Abstract 

 
 
 
 

The bio-based manufacturing of many products of interest (e.g. enzymes and biomass) is 

performed with submerged aerobic fed-batch fermentation processes, with bioreactor 

volumes typically ranging between 20 and 1000 m3. With increasing scale, mixing may 

become limiting, and consequently gradients in relevant cultivation variables (e.g. substrate 

concentration) may arise. These local non-homogeneous conditions have been shown to 

potentially affect cell physiology, ultimately leading to decreased process productivity and 

profitability. Knowing this, investigating the impact of gradients on large-scale fermentation 

processes has become a relevant subject of study from both academic and industrial 

viewpoints. 

Numerical modelling of gradients is a valuable approach to study the magnitude and 

occurrence of gradients at industrial scale, as it provides a local description of the fermentation 

environment, and it can be applied to any fermentation process (i.e. those with different 

microorganisms, bioreactor types, volumes and operational conditions). Gradient modelling is 

a challenging task, since the combination of both microbial kinetics and fluid dynamic models 

is required. This is typically done using Computational Fluid Dynamics (CFD) models 

combined with kinetic models, which result in a highly-detailed description of the broth 

environment for both flow (e.g. pressure, velocity) and fermentation process (e.g. substrate 

concentration, specific rates) variables. However, CFD modelling in combination with 

microbial kinetics entails a high computational demand, leading to very long elapsed real times 

(several weeks) for the simulation of fermentation process snapshots (hundreds of seconds), 

which limits the use of CFD modelling. To overcome the high computational burden, 

compartment models can be developed. These consist of collections of ideally mixed volumes 

with such flows and connections between them that resemble the flow pattern and magnitude 

of the large-scale bioreactor. Microbial kinetics can be implemented, and snapshot 
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simulations can then be performed very quickly (several seconds). Up to now, CFD and 

compartment model simulations are restricted to fixed-volume processes, i.e. batch processes 

or snapshots of fed-batch processes. Furthermore, the current compartment models do not 

have volume addition implemented to simulate entire fed-batch processes. 

This PhD thesis is a step forward in the field of gradient modelling, with focus on developing 

and utilising several modelling tools to assess the magnitude and occurrence of gradients in 

fermentation processes and estimate their impact on process performance. First, a five-

regime model describing the different metabolic behaviour of the industrially-relevant 

microorganism Bacillus licheniformis under glucose and dissolved oxygen concentration 

gradients has been experimentally calibrated and tested. Following the same model structure, 

kinetic models for Escherichia coli and Saccharomyces cerevisiae with model parameters 

from the literature have also been defined. 

Subsequently, six case studies with varying reactor types (a bubble column and two stirred 

tanks with different impeller configurations) and operational conditions have been constructed 

for three stages of industrial aerobic fed-batch fermentation processes (40, 60 and 90 m3). 

CFD modelling has been used to describe the fluid dynamics and oxygen transfer in the 

different case studies. Furthermore, compartment models have been developed based on the 

CFD results. The kinetic models previously developed and/or extracted from the literature 

have been implemented to all CFD and compartment models for the simulation of fermentation 

process snapshots.  

Finally, a methodology to develop dynamic compartment models that can account for volume 

addition in aerobic fed-batch fermentation processes has been constructed. The resulting 

dynamic compartment models have been tested by simulating the entire aerobic fed-batch 

fermentation processes of B. licheniformis, E. coli and S. cerevisiae. 

The results have been analysed in terms of local glucose and dissolved oxygen 

concentrations, by-product levels, local metabolic regimes that the cells experience and 

influence of gradients on process metrics. Two main findings arise from these results. First, it 

has been concluded that the current main limitation in the field of gradient modelling is the 

development of kinetic models that can describe product formation under different 

environmental conditions and glucose uptake at low rates more comprehensively, and that 

can take the cell culture history and the length and magnitude of fluctuations into account. 

Secondly, glucose starvation (i.e. the glucose concentration level is such that the maintenance 

requirements are not fulfilled) has been determined to be the most frequent metabolic regime 
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found in all simulations. The reason is the feeding strategy used, which manipulates the feed 

rate according to the oxygen transfer rate level by keeping the dissolved oxygen level at a 

constant value. This leads to very low glucose concentration levels in the broth, therefore 

increasing the chances to develop glucose starvation if mixing limitations arise. Consequently, 

situations that prevent glucose starvation also prevent the development of significant 

gradients in most cases. Besides working with short mixing times, operating at high oxygen 

transfer rates has been found essential to prevent the development of significant gradients 

with all microorganisms. From an operational perspective, the utilisation of bubble columns in 

comparison with stirred tanks has shown to lead to significantly lower mixing times and seems 

a promising bioreactor type for the prevention of gradients if sufficient oxygen transfer levels 

can be achieved.  

Overall, this PhD thesis contributes to the characterisation and prevention of significant 

gradients in industrial aerobic fed-batch fermentation processes, helping to guarantee 

adequate process performance in spite of potential non-homogeneous cultivation conditions.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



iv 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



v 

 

 

 

Resumé 

 
 
 
 

Den biobaserede produktion af mange vigtige produkter (fx enzymer og biomasse) foregår i 

nedsænkede aerobe fed-batch fermenteringsprocesser, med bioreaktorvolumener på typisk 

mellem 20 og 1000 m3. For stigende reaktorstørrelser kan omrøringen blive begrænset, 

hvilket kan ende med at gradienter i relevante variabler for kultivering (fx 

substratkoncentration) opstår. Disse lokale inhomogene tilstande er blevet vist til potentielt at 

kunne påvirke cellefysiologi, der i sidste ende leder til et fald i procesproduktivitet 

og -rentabilitet. Derfor er undersøgelser af effekten af gradienter i storskala 

fermenteringsprocesser blevet et relevant forskningsemne, både fra akademiske og 

industrielle synspunkter. 

Numerisk modellering af gradienter er en værdifuld metode til at undersøge størrelse og 

hyppighed af gradienter i industriel størrelsesorden, da det giver en lokal beskrivelse af 

fermenteringsmiljøet og det samtidigt kan blive anvendt til hvilken som helst 

fermenteringsproces (såsom forskellige mikroorganismer, biorektortyper, volumener og 

operationstilstande). Modellering af gradienter er en omfattende opgave, da en kombination 

af både modeller for mikrobiel kinetik og fluiddynamik er nødvendige. Denne kombination 

bliver typisk gjort vha. Computational Fluid Dynamics (CFD) modeller kombineret med 

kinetiske modeller, som resulterer i en meget detaljeret beskrivelse af fermenteringsvæsken 

mht. flow (fx tryk og hastighed) og fermenteringsprocesvariabler (fx substratkoncentration og 

specifikke hastigheder). CFD modellering kombineret med mikrobiel kinetik medfører dog 

store krav til beregningerne, hvilket fører til lange tidshorisonter (flere uger) for simulering af 

dele af fermenteringsprocesser (flere hundrede sekunder), der begrænser brugen af CFD 

modellering. For at overvinde den tunge databehandling kan compartment-modeller udvikles. 

Disse modeller består af en samling af ideelt blandede volumener med flow og forbindelser i 

mellem sig, der efterligner flowmønstret og størrelsesordenen af en storskala bioreaktor. 
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Mikrobiel kinetik kan blive implementeret og simuleringer af dele af processen kan blive kørt 

meget hurtigt (sekunder). Indtil nu er CFD og compartment-model simuleringer begrænset til 

fikseret volumen processer, såsom batchprocesser eller dele af fed-batch processer. 

Yderligere har de nuværende compartment-modeller ikke implementeret volumentilførsel for 

at simulere hele fed-batch processer. 

Denne ph.d. afhandling er et skridt fremad inden for modellering af gradienter, med fokus på 

at udvikle og bruge forskellige modelværktøjer til at fastslå størrelsen og forekomsten af 

gradienter i fermenteringsprocesser og estimere deres effekt på bagrund af resultatet af en 

proces. Først er en fem-regime model, der beskriver forskellige metaboliske opførelser af den 

industrielt relevante mikroorganisme Bacillus licheniformis, under glukose og opløst oxygen 

koncentrationsgradienter kalibreret og testet eksperimentelt. Med samme modelstruktur er 

kinetiske modeller for Escherichia coli og Saccharomyces cerevisiae med modelparameter 

fra litteraturen også defineret. 

Efterfølgende er seks casestudier med forskellige reaktortyper (en boblekolonne og to 

omrørte tanke med forskellige impellerkonfigurationer) og operationstilstande blevet bygget 

for tre trin i industriel aerobe fed-batch fermenteringsprocesser (40, 60 og 90 m3). CFD 

modellering er blevet brugt til at beskrive fluiddynamik og oxygenoverførsel i de forskellige 

casestudier. Derudover er compartment-modeller blevet udviklet på bagrund af resultaterne 

fra CFD. Tidligere udviklet kinetiske modeller, og/eller modeller fra litteraturen er blevet 

implementeret i alle CFD og compartment-modeller med henblik på simulering af dele af 

fermenteringsprocesser. 

Endelig er der blevet lavet en metodologi til at udvikle dynamiske compartment-modeller, som 

kan redegøre for volumentilførsel i aerobe fed-batch processer. De udviklede dynamiske 

compartment-modeller er blevet testet ved at simulere hele den aerobe fed-batch 

fermenteringsproces af B. licheniformis, E. coli og S. cerevisiae. 

Resultaterne er blevet analyseret ift. lokale glukose og opløst oxygen koncentrationer, 

biproduktniveauer, lokale metaboliske regimer, som cellerne oplever, og indflydelsen af 

gradienter på procesmålinger. To hovedkonklusioner fremgår af disse resultater. Først og 

fremmest er det konkluderet at den nuværende vigtigste begrænsning inden for 

gradientmodellering er udviklingen af kinetiske modeller, der kan beskrive produktdannelse 

under forskellige miljøforhold, glukoseindtagelsen ved lave hastigheder mere dybdegående 

og som kan tage hensyn til cellehistorik og længde og størrelse af udsving. For det andet, så 

er glukosemangel (såsom når glukosekoncentrationen er på et niveau, der gør at 

vedligeholdelseskravene ikke er opfyldt) bestemt til at være det mest hyppige metaboliske 
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regime i alle simuleringer. Grunden til dette er den fødestrategi der er anvendt, som 

manipulerer fødehastigheden i forhold til oxygens overførelseshastighed ved at opretholde 

det opløste oxygen ved en konstant værdi. Det fører til meget lave glukosekoncentrationer i 

fermenteringsvæsken, hvilket derfor øger chancerne for at udvikle glukosemangel, når 

begrænsninger i omrøringen opstår. Som en konsekvens vil de fleste situationer der 

forebygger glukosemangel også forebygge udviklingen af betydelige gradienter. Udover at 

arbejde med korte omrøringstider, er høje oxygenoverførselshastigheder fundet til at være 

essentielt for at forebygge udviklingen af betydelige gradienter med alle mikroorganismer. Fra 

et operationelt synspunkt er brugen af boblekolonner sammenlignet med omrørte tanke påvist 

til at sænke omrøringstider signifikant og er en lovende bioreaktortype at bruge for at undgå 

gradienter, hvis tilstrækkelige oxygenoverførelsesniveauer opnås. 

Alt i alt bidrager denne ph.d. afhandling med karakterisering og undgåelse af signifikante 

gradienter i industrielle aerobe fed-batch fermenteringsprocesser, og derved hjælpe til at 

garantere tilstrækkelig procesydelse til trods for potentielle inhomogene kultiveringstilstande. 
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𝐷𝐿
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𝐹𝑃𝐼  feed rate when the proportional-integral controller is used [kg h-1] 

𝐹𝑆  substrate mass rate [kg h-1] 

𝐹𝑇𝑟  tracer mass rate [kg h-1] 

𝑔  gravitational constant [m s-2] 

𝐺  glucose concentration [kg m-3 or g kg-1] 

𝐺𝐶𝑜𝑚𝑝  glucose concentration in each compartment [g kg-1] 

𝐺𝐹𝑒𝑒𝑑  glucose concentration at feed solution [kg m-3 or g kg-1] 
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𝐻𝐿  liquid height [m] 

𝐻𝑂  Henry’s law constant for oxygen [Pa m3 kg-1] 

𝐻𝑇𝑎𝑟𝑔𝑒𝑡  target height [m] 

𝐼  integral component [kg h-1] 

𝑘  isentropic exponent for air compression [-] 

𝐾𝐴  affinity constant of acetate [kg m-3 or g kg-1] 

𝐾𝐵𝑃  affinity constant of by-product [kg m-3 or g kg-1] 

𝐾𝑐  gain of the proportional-integral component [kg2 g-1 h-1] 

𝐾𝐺  affinity constant of glucose [kg m-3 or g kg-1] 

𝐾𝐼𝐵𝑃
𝐺   inhibition constant of by-product on glucose uptake [kg m-3 or g kg-1] 

𝐾𝐼𝐺
𝐺   inhibition constant of glucose on glucose uptake [kg m-3 or g kg-1] 

𝐾𝐼𝐴
𝐴   inhibition constant of acetate on acetate uptake [kg m-3 or g kg-1] 
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𝐾𝐼𝑆  Inhibition constant of substrate on substrate uptake [kg m-3] 

𝑘𝐿  transport coefficient in the liquid layer [m s-1] 

𝐾𝐿  overall transport coefficient [m s-1] 

𝑘𝐿𝑎  overall mass transfer coefficient [s-1 or h-1] 

𝑘𝐿𝑎𝐶𝐹𝐷  volume-weighted overall mass transfer coefficient of the CFD results [h-1] 

𝑘𝐿𝑎𝐶𝑜𝑚𝑝  overall mass transfer coefficient in each compartment [h-1] 

𝑘𝐿𝑎𝐶𝑜𝑚𝑝′  overall mass transfer coefficient in each compartment prior to their 

correction using CFD volume-weighted average data [h-1] 

𝑘𝐿𝑎𝐶𝑜𝑚𝑝
𝑃𝑙𝑎𝑛𝑒  overall mass transfer coefficient in each compartment of a half 2-D 

plane [h-1] 

𝑘𝐿𝑎𝐹𝑎𝑐𝑡𝑜𝑟  fraction of the overall mass transfer coefficient in a certain volume with 

respect to the initial overall mass transfer coefficient [-] 

𝐾𝑂  affinity constant of oxygen [kg m-3] 

𝐾𝑆  affinity constant of substrate [kg m-3] 

𝑀𝐴  acetate mass [g] 

𝑚𝐴  maintenance coefficient for acetate [kg kg-1 h-1] 

𝑚𝑎𝑖𝑟  mass flow rate of air [kg s-1] 

𝑀𝐴𝑃𝐸  mean absolute percentage error [%] 

𝑚𝐵𝑃  maintenance coefficient for by-product [kg kg-1 h-1] 

𝑀𝐵𝑃  by-product mass [g] 

𝑀𝐵𝑃,𝐶𝑜𝑚𝑝  by-product mass in each compartment [g] 

𝑀𝐺  glucose mass [g] 

𝑚𝐺  maintenance coefficient for glucose [kg kg-1 h-1] 

𝑀𝐺,𝐶𝑜𝑚𝑝  glucose mass in each compartment [g] 

𝑴𝐺𝐿  terms for interphase momentum exchange [kg m-2 s-2] 

𝑀𝐿  liquid mass [kg] 

𝑀𝐿,𝐶𝑜𝑚𝑝  liquid mass in each compartment [kg] 

𝑀𝑂  dissolved oxygen mass [g] 

𝑚𝑂  maintenance coefficient for oxygen [kg kg-1 h-1] 

𝑀𝑂,𝐶𝑜𝑚𝑝  dissolved oxygen mass in each compartment [g] 
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𝑀𝑃  particle mass [kg] 

𝑚𝑆  maintenance coefficient for substrate [kg kg-1 h-1] 

𝑀𝑇𝑟  tracer mass [kg] 

𝑀𝑤,𝐶𝑂2  molecular weight of carbon dioxide [g mol-1] 

𝑀𝑤,𝐺  molecular weight of air [g mol-1] 

𝑀𝑤,𝐻2𝑂  molecular weight of water [g mol-1] 

𝑀𝑤,𝑂2  molecular weight of oxygen [g mol-1] 

𝑀𝑋  biomass mass [g] 

𝑀𝑋,𝐶𝑜𝑚𝑝  biomass mass in each compartment [g] 

𝑁  agitation speed [s-1] 

𝑛  number of cases 

𝑂  dissolved oxygen concentration [kg m-3 or g kg-1] 

𝑂∗  oxygen concentration at saturation [kg m-3 or g kg-1] 

𝑂𝐶𝐹𝐷
∗   volume-weighted overall oxygen concentration at saturation of the 

computational fluid dynamics results [g kg-1] 

𝑂𝐶𝑜𝑚𝑝  dissolved oxygen concentration in each compartment [g kg-1] 

𝑂𝐶𝑜𝑚𝑝
∗   oxygen concentration at saturation in each compartment [g kg-1] 

𝑂𝐶𝑜𝑚𝑝
∗ ′  oxygen concentration at saturation in each compartment values in each 

compartment prior to their adjustment with correlation data [g kg-1] 

𝑂𝐶𝑜𝑚𝑝
∗,𝑃𝑙𝑎𝑛𝑒  oxygen concentration at saturation in each compartment of a half 2-D 

plane [g kg-1] 

𝑂𝐹𝑎𝑐𝑡𝑜𝑟
∗   fraction of oxygen concentration at saturation in each compartment in a 

certain volume with respect to the initial oxygen concentration at 

saturation in each compartment [-] 

𝑂𝑖𝑛
∗   oxygen concentration at saturation at the gas inlet [kg m-3] 

𝑂𝑖𝑛,𝐶𝑜𝑚𝑝  dissolved oxygen concentration at the inlet of each compartment [g kg-1] 

𝑂𝑜𝑢𝑡
∗   oxygen concentration at saturation at the gas outlet [kg m-3] 

𝑂𝑠𝑒𝑡  dissolved oxygen concentration set point [g kg-1] 

𝑂𝑇𝑅  oxygen transfer rate [kg m-3 h-1 or g kg-1 h-1] 

𝑂𝑈𝑅  oxygen uptake rate [g kg-1 h-1] 
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𝑃  product concentration [kg m-3] 

𝑝  pressure [Pa] 

𝑃𝑎𝑏𝑠  absolute pressure [Pa] 

𝑃𝑎𝑡𝑚  atmospheric pressure [Pa] 

𝑃𝑐  power consumption from air compression [W] 

𝑃ℎ𝑒𝑎𝑑  headspace pressure [Pa] 

𝑃𝑖  power consumption from agitation [W] 

𝑃𝑖𝑛  sparger inlet pressure [Pa] 

𝑝𝑖𝑛
∗   saturated vapour pressure at the inlet [Pa] 

𝑃𝑂  impeller power number [-] 

𝑝𝑜𝑢𝑡
∗   saturated vapour pressure at the outlet [Pa] 

𝑃𝑟𝑒𝑓  reference pressure [Pa] 

𝑞𝐴  specific rate for acetate uptake and production [kg kg-1 h-1] 

𝑄𝑎𝑖𝑟  volumetric flow rate of air [NL h-1 or m3 s-1] 

𝑞𝐵𝑃  specific rate for by-product uptake and production [kg kg-1 h-1] 

𝑞𝐵𝑃,𝐶𝑜𝑚𝑝  specific by-product uptake and production rate in each compartment 

[kg kg-1 h-1] 

𝑞𝐺  specific rate for glucose uptake [kg kg-1 h-1] 

𝑞𝐺,𝐶𝑜𝑚𝑝  specific glucose uptake rate in each compartment [kg kg-1 h-1] 

𝑞𝐺,𝑐𝑟𝑖𝑡  critical specific rate for glucose uptake at which overflow metabolism 

starts [kg kg-1 h-1] 

𝑞𝐺
𝑂𝑓

  overflow specific rate for glucose uptake [kg kg-1 h-1] 

𝑞𝐺,𝑂𝑥
𝑒𝑛   energetic oxidative specific glucose uptake rate [kg kg-1 h-1] 

𝑞𝑂  specific rate for oxygen uptake [kg kg-1 h-1] 

𝑞𝑂,𝐶𝑜𝑚𝑝  specific oxygen uptake rate in each compartment [kg kg-1 h-1] 

𝑞𝑂,𝑚𝑎𝑥  maximum specific rate for oxygen uptake [kg kg-1 h-1] 

𝑄𝑃  volumetric productivity [kg m-3 h-1] 

𝑞𝑃  specific rate for product formation [kg kg-1 h-1] 

𝑞𝑆  specific substrate uptake rate [kg kg-1 s-1]  
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𝑞𝑆,𝑐𝑟𝑖𝑡  critical specific substrate uptake rate at which overflow metabolism starts 

[kg kg-1 h-1]  

𝑞𝑆,𝑚𝑎𝑥  maximum specific substrate uptake rate [kg kg-1 h-1] 

𝑞𝑆
𝑂𝑓

  specific substrate uptake rate during overflow [kg kg-1 s-1] 

𝑞𝑆
𝑂𝑥  specific substrate uptake rate during oxidation [kg kg-1 s-1] 

𝑄𝑋  biomass volumetric productivity [g kg-1 h-1] 

𝑅  ideal gas law constant [J mol-1 K-1] 

𝑟𝑒𝑔𝐺𝑙𝑖𝑚  expression level of glucose limitation regardless of the oxygen 

concentration [-] 

𝑟𝑒𝑔𝐺𝑆  expression level of the glucose starvation regime [-] 

𝑟𝑒𝑔𝐺𝑆𝑂𝐿  expression level of the glucose starvation and oxygen limitation regime [-] 

𝑟𝑒𝑔𝑁𝑜𝑡𝑂𝑓  expression level that does not experience overflow metabolism [-] 

𝑟𝑒𝑔𝑂𝑓  expression level of the overflow regime [-] 

𝑟𝑒𝑔𝑂𝐿  expression level of the oxygen limitation regime [-] 

𝑟𝑒𝑔𝑂𝑙𝑖𝑚  expression level of oxygen limitation regardless of the glucose 

concentration [-] 

𝑟𝑒𝑔𝑂𝑥  expression level of the oxidation regime [-] 

𝑅𝐻  relative humidity [%] 

𝑟𝑃  volumetric product formation rate [kg m-3 s-1] 

𝑆  substrate concentration [kg m-3] 

𝑆𝑐𝑡,𝐿  Schmidt number for the liquid phase [-] 

𝑆𝐷𝑂2  source term for dissolved oxygen consumption [kg m-3 s-1] 

𝑆𝑖  source term for production or consumption of variable 𝑖 [kg m-3 s-1] 

𝑆𝐿
𝜑

  source term for tracer addition [kg m-3 s-1] 

𝑇  tank diameter [m] 

𝑡  time [s or h] 

𝑡0  initial simulation time [h] 

𝑇𝐶𝐹  fraction of each top compartment at the surface [%] 

𝑇𝑒𝑚𝑝  fermentation temperature [K] 

𝑇𝑒𝑚𝑝𝑖𝑛  temperature at the inlet [°C] 
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𝑇𝑒𝑚𝑝𝑜𝑢𝑡  temperature at the outlet [°C] 

𝑡𝑓  final simulation time [h] 

𝑇𝐼𝑚𝑝  impeller torque [N m] 

𝑇𝑟  tracer concentration [g kg-1] 

𝑇𝑟𝑖𝑛  tracer concentration at the inflow [g kg-1] 

𝑡𝑠  time step size [s or h] 

𝑼𝐺  gas velocity vector [m s-1] 

𝑼𝐿  liquid velocity vector [m s-1] 

𝑼𝑃  particle velocity vector [m s-1] 

𝑈𝑠𝑔  superficial velocity [m s-1] 

𝑉𝐿  liquid volume [m3] 

𝑉𝑇  total volume [m3] 

𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝑟𝑒𝑔

  total volume of a metabolic regime in a computational fluid dynamics cell 

or a compartment [m3] 

𝑉𝑇,𝐶𝑜𝑚𝑝  total volume of each compartment [m3] 

𝑉𝑇0  initial total volume [m3] 

𝑉𝑇0,𝐶𝑜𝑚𝑝  initial total volume in each compartment [m3] 

𝑉𝑇01  initial total volume of fed-batch phase 1 [m3] 

𝑉𝑇02  initial total volume of fed-batch phase 2 [m3] 

𝑉𝑇
𝑟𝑒𝑔

  total volume of a metabolic regime [m3] 

𝑋  biomass concentration [kg m-3 or g kg-1] 

𝒙  particle displacement [m] 

𝑋𝑖𝑛,𝐶𝑜𝑚𝑝  biomass concentration at the inlet in each compartment [g kg-1] 

𝑋𝑚𝑎𝑥  maximum biomass concentration [kg m-3] 

𝑦  y coordinate [m] 

𝑌𝐶𝐹𝐷  yield coefficient from computational fluid dynamics simulations [kg kg-1] 

𝑌𝐶𝑀  yield coefficient from compartment model simulations [kg kg-1] 

𝑌𝐶𝑂2𝑆  yield coefficient of carbon dioxide on substrate [kg kg-1] 

𝑌𝐷𝑂2  mass fraction of oxygen in the liquid phase [-] 

𝑌𝑂2  mass fraction of oxygen in the gas phase [-] 
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𝑌𝑂𝐺  yield coefficient of oxygen on glucose [kg kg-1] 

𝑌𝑃𝑆  yield coefficient of product on substrate [kg kg-1] 

𝑌𝑃𝑋  yield coefficient of product on biomass [kg kg-1] 

𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠   total observed yield coefficient [kg kg-1] 

𝑌𝑋𝐴
𝑂𝑓

  yield coefficient of biomass on acetate under overflow conditions [kg kg-1] 

𝑌𝑋𝐴
𝑂𝑥  yield coefficient of biomass on acetate under oxidative conditions [kg kg-1] 

𝑌𝑋𝐵𝑃
𝑂𝑓

  yield coefficient of biomass on by-product under overflow conditions 

[kg kg-1] 

𝑌𝑋𝐵𝑃
𝑂𝑥   yield coefficient of biomass on by-product under oxidative conditions 

[kg kg-1] 

𝑌𝑋𝐺
𝑂𝑏𝑠  observed yield coefficient of biomass on glucose [kg kg-1] 

𝑌𝑋𝐺
𝑂𝑓

  yield coefficient of biomass on glucose under overflow conditions [kg kg-1] 

𝑌𝑋𝐺
𝑂𝑥  yield coefficient of biomass on glucose under oxidative conditions [kg kg-1] 

𝑌𝑋𝑂  yield coefficient of biomass on oxygen [kg kg-1] 

𝑌𝑋𝑂
𝐵𝑃  yield coefficient of biomass on oxygen when growth is on by-product 

[kg kg-1] 

𝑌𝑋𝑂
𝐺   yield coefficient of biomass on oxygen when growth is on glucose [kg kg-1] 

𝑌𝑋𝑆  yield coefficient of biomass on substrate [kg kg-1] 

𝑌𝑋𝑆
𝑂𝑏𝑠  observed yield coefficient of biomass on substrate [kg kg-1] 

𝑌𝑋𝑆
𝑂𝑓

  yield coefficient of biomass on substrate under overflow conditions 

[kg kg-1] 

𝑌𝑋𝑆
𝑂𝑥  yield coefficient of biomass on substrate under oxidative conditions 

[kg kg-1] 

 

 

Greek letters 

𝛼𝐺  gas volume fraction [-] 

𝛼𝐺,𝐶𝐹𝐷  volume-weighted average gas volume fraction of the CFD results [-] 

𝛼𝐺,𝐶𝑜𝑚𝑝  gas volume fraction in each compartment [-] 
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𝛼𝐺,𝐶𝑜𝑚𝑝
𝑃𝑙𝑎𝑛𝑒   gas volume fraction in each compartment of a half 2-D plane [-] 

𝛼𝐺,𝐹𝑎𝑐𝑡𝑜𝑟  gas volume fraction in a certain volume with respect to the initial gas 

volume fraction [-] 

𝛼𝐿  liquid volume fraction [-] 

𝛼𝑂2  volume fraction of oxygen in the gas phase [-] 

𝛽  biomass concentration related constant for product formation [kg kg-1 s-1] 

𝛾  growth rate related constant for product formation [kg kg-1] 

𝛤𝐺𝐿  source term for dissolution of oxygen into water [kg m-3 s-1] 

𝜹  Dirac delta function [-] 

𝜀𝑇  eddy dissipation rate [m2 s-3] 

𝜂𝑐  degree of efficiency of the compressor [-] 

𝜃  coefficient of relative monitoring point positioning in mixing time 

assessment [-] 

𝜇  specific growth rate [s-1 or h-1] 

𝜇𝐴  specific growth rate on acetate [h-1] 

𝜇𝐴,𝑚𝑎𝑥  maximum specific growth rate on acetate [h-1] 

𝜇𝐵𝑃  specific growth rate on by-product [h-1] 

𝜇𝐵𝑃,𝑚𝑎𝑥  maximum specific growth rate on by-product [h-1] 

𝜇𝐶𝑜𝑚𝑝  specific growth rate in each compartment [h-1] 

𝜇𝑐𝑟𝑖𝑡  critical specific growth rate at which overflow metabolism starts [s-1 or h-1] 

𝜇𝐺  specific growth rate on glucose [h-1] 

𝜇𝐺,𝑒𝑓𝑓  effective viscosity of the gas phase [s-1] 

𝜇𝐺,𝑚𝑎𝑥  maximum specific growth rate on glucose [h-1] 

𝜇𝐿  liquid viscosity [Pa s] 

𝜇𝐿,𝑒𝑓𝑓  effective viscosity of the liquid phase [s-1] 

𝜇𝑚𝑎𝑥  maximum specific growth rate [s-1] 

𝜇𝑠𝑒𝑡  specific growth rate set point [s-1 or h-1] 

𝜇𝑡,𝐿  liquid turbulent viscosity [Pa s] 

𝜌𝐹𝑒𝑒𝑑  feed solution density [kg m-3] 

𝜌𝐺  gas density [kg m-3] 
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𝜌𝐿  liquid density [kg m-3] 

𝜎  standard deviation of the mean absolute percentage error [%] 

𝜏  time constant of the proportional-integral component [h] 

𝜏𝐺𝐶  characteristic time of glucose consumption [s] 

𝜏𝑚  mixing time [s] 

𝜏𝑚,𝐵𝐶  bubble column mixing time [s] 

𝜏𝑚,𝑆𝑇𝑅  stirred tank reactor mixing time [s] 

𝜏𝑆𝐶  characteristic time of substrate consumption [s] 

𝜑𝐿  tracer mass per liquid mass [kg kg-1] 
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Chapter 1 

Introduction 
 
 
 

1.1. Project motivation 

1.1.1. Industrial fermentation processes 

Industrial biotechnology consists of the application of biotechnology for the sustainable 

manufacturing of a wide array of products, such as enzymes, vaccines and biomass [1]. 

Besides the capability of producing more complex (biological) molecules than with traditional 

chemical synthesis, industrial biotechnology also allows the production of many bulk 

chemicals (e.g. 1,3-propanediol [2] and succinic acid [3]). Furthermore, bioprocessing uses 

bio-based raw materials instead of fossil fuels, and therefore entails a reduced environmental 

impact in comparison with chemical processes. The use of milder process operational 

conditions (lower temperature and pressure set points) also contributes to the environmental 

benefits. Seeing the many advantages of bio-based manufacturing in comparison with the 

chemical industry, the utilisation of bio-based processes has gained interest over the years 

and has a promising future. For instance, the Bio-based Industries Consortium expects that 

30% of the total chemical production in Europe will become bio-based by 2030 [4]. 

The core of industrial biotechnology lies in the performance of fermentation processes. Cells 

are cultivated at optimal production conditions to yield one or several products of interest. 

Within the fermentation industry, an important category of industrial processes are those 

performed with aerobic fed-batch operations, which require substrate feed and aeration. 

Anaerobic processes (e.g. ethanol production by yeast [5]) use the carbon source more 

efficiently than aerobic processes for products linked to central metabolism, and lead to yield 

values closer to the theoretical limit. On the other hand, aerobic processes (e.g. production of 

enzymes by Bacillus sp. [6] or filamentous fungi [7], [8], and of penicillin by Penicillium 

chrysogenum [9]) provide additional energy to reach higher biomass concentration levels, 
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ultimately leading to higher product titers. Moreover, fed-batch operation leads to higher yields 

in comparison with batch processes, as it minimises the formation of by-products by operating 

at substrate-limiting conditions [10]. Finally, continuous operation is gaining interest in the 

fermentation industry as the volumetric productivity can be maximised by constantly operating 

at the optimal production rates. Nevertheless, its use is not widespread due to challenges 

regarding contamination, microorganism mutation after many cell divisions, and continuous 

operation of downstream equipment [10]. 

The industrial bioreactor volumes for aerobic microbial processes range between 20 and 

1000 m3 [11], [12], while lab (research) scale normally varies between 0.5 and 10 L [11]. 

Pharmaceutical processes operate at scales up to 15 m3 [13]. The main bioreactor types used 

in industrial submerged aerobic fermentation processes are stirred tanks and bubble columns 

[12]. The large volume difference between lab and production scales (up to seven orders of 

magnitude) makes scaling up a key step in bioprocess development, as similar process 

performance (i.e. productivity and product quality) is required to be kept across these scales 

to ensure process profitability [11]. With increasing scale, limitations in mixing may arise, and 

with them the occurrence of gradients in cultivation conditions 

1.1.2. Gradients in cultivation conditions 

Gradients in cultivation conditions (e.g. substrate and dissolved oxygen concentration and pH) 

have been shown to occur in large-scale fermentation processes due to limitations in 

mixing [14]. The investigation of significant gradients is of interest from both an academic and 

an industrial perspective because they have been shown to potentially affect cell physiology 

and lead to decreased process productivity and yield values, ultimately affecting process 

profitability [15]–[19]. 

Gradients have been investigated in many types of fermentation processes [15], [19]–[21]. 

However, those that have been studied most correspond to substrate (sugar) concentration 

gradients in aerobic fed-batch fermentation processes with bacterial and yeast strains. 

Besides their industrial relevance, these fermentation processes have a high chance of 

developing significant gradients that affect process performance owing to two main reasons. 

First, in order to maximise the volumetric productivity, aerobic fed-batch fermentation 

processes are normally operated with high cell densities (≥ 100 kg m-3 [22]). Secondly, the 

bacterial and yeast strains that are usually used present high specific substrate uptake rates. 

Both features promote the rapid assimilation of substrate close to the feeding position and do 

not provide sufficient time for the substrate to travel to the furthest zones of the bioreactor. 
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This can potentially lead to both substrate excess and deficiency in different regions of the 

bioreactor.  

Investigation of gradients in industrial scale 

In order to study gradients, direct measurement in large scale facilities is the most desired 

approach, since it can provide real information about their occurrence and effects on process 

performance. If multiple point measurements are aimed to be performed, the methodology is 

limited to specifically adapted facilities, or alternatively the cost of adapting them needs to be 

taken into account. This method also suffers from the limitation that it has a low resolution, 

since only a few data points near the bioreactor walls can be obtained. On the other hand, 

more sophisticated technologies for gradient measurement and mapping can be used, such 

as free-floating sensor particles (http://freesense.dk/). However, this technology is still in 

development. 

Alternatively, numerical modelling of gradients can quantify their impact on fermentation 

processes in detail and provide mechanistic knowledge. In order to model gradients, both fluid 

dynamics and cell physiology need to be taken into account [23], so both physical and 

biological parts of the fermentation process can be represented.  

Computational fluid dynamics (CFD) simulations have been used to describe fluid flow in 

many bioreactor systems [24]–[26]. This technique provides a high level of detail in the results 

at the expense of a large computational demand, leading to very long elapsed real times 

(weeks to months) for the simulation of a process snapshot (hundreds of seconds). Combined 

with kinetic models, CFD simulations have also been used to assess the occurrence and 

magnitude of gradients in many fermentation processes [19], [20], [27], [28], since the local 

values of the main cultivation variables (e.g. substrate concentration, pH) can be solved and 

connected to their effect on microbial physiology. Furthermore, by using particle tracking 

approaches, the determination of the duration and magnitude of cell fluctuations over the 

cultivation variables allows the characterisation of their impact on microbial physiology [28], 

[29].  

To overcome the computational burden of CFD simulations, compartment models (CMs) can 

be used [30]. Compartment models are collections of ideally mixed volumes with flows and 

connections between them such that their overall operation can represent the mixing 

dynamics of a given system. CMs have already been utilised both in chemical and biochemical 

engineering in a broad range of systems [30], such as crystallisers [31]–[33], stirred tanks 

[34]–[37] and bubble columns [38]–[40]. Their principal limitation has been the definition of the 

http://freesense.dk/
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different compartments and the establishment of the flow rate values and connections 

between compartments, which have been mainly based on empirical residence time 

distributions or manually defined based on CFD results [30]. Thus, the recent development of 

automatic compartmentalisation tools based on CFD results [41] has been an important step 

towards the simpler and standardised construction of compartment models.  

As for CFD models, CMs utilised for fermentation purposes have been used exclusively in 

fixed-volume setups, namely batch or snapshots of fed-batch processes [28], [34]. However, 

in crystallisation processes, Öner et al. [42], [43] constructed a dynamic compartment model 

that accounts for volume changes because of solvent addition. The compartment model was 

built from the velocity field resulting from a single-phase CFD simulation using a semi-

automatic approach, i.e. the definition of the compartments was based on the user criteria and 

the flows were extracted from the CFD results [35]. 

To the best of the author’s knowledge, there are no studies comparing the performance of 

different reactor systems, microorganisms and operational settings at different stages of 

fermentation processes in detail. This information is highly valuable to understand the onset 

and progression of gradients over time in industrial aerobic fed-batch fermentation processes, 

and to identify the microorganism-dependent operational settings (aeration, headspace 

pressure and volumetric power input) that allow the performance of fermentation processes 

minimising the chances of gradient occurrence. 

 

1.2. Thesis aim and specific objectives 

The aim of this thesis is to widen the understanding of the conditions that lead to the 

occurrence of significant gradients in industrial aerobic fed-batch fermentation processes. To 

this end, numerical modelling is used as the main tool to simulate the fermentation broth 

environment of different large-scale aerobic fed-batch fermentation processes. 

The specific objectives of this thesis are the following: 

- To define and experimentally calibrate and test a mechanistic model of a relevant 

industrial microorganism (Bacillus licheniformis) that can describe its physiological 

behaviour under different environmental conditions. 

- To develop Computational Fluid Dynamics (CFD) and compartment models (CMs) that 

can simulate the fluid dynamics, mixing and oxygen transfer of large-scale bioreactors 

at different stages of aerobic fed-batch fermentation processes. 
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- To construct a modelling strategy for the dynamic simulation of complete aerobic fed-

batch fermentation processes taking the fluid dynamics of the system into account 

using dynamic compartment models (dCMs). 

- To implement microbial kinetics for three industrial workhorses (one of them being the 

B. licheniformis model previously developed) in CFD models, CMs and dCMs to (1) 

evaluate the uncertainty in the prediction of CMs in comparison with CFD models, (2) 

quantify the change in process metrics in comparison with simulations relying on an 

ideal mixing assumption, (3) understand the situations leading to the occurrence of 

gradients, and (4) provide guidelines for the prevention of gradients in large-scale 

aerobic fed-batch fermentation processes. 

 

1.3. Thesis outline 

The contents of this thesis are organised in six parts, consisting of one or two chapters 

addressing the objectives previously defined. 

I. Background 

This section introduces the project motivation and objectives (Chapter 1) and provides an 

extensive literature review of gradients in fermentation processes (Chapter 2). The review 

focuses on the operational causes of gradients and their physiological and process-related 

consequences. Furthermore, a summary of the state-of-the-art approaches to investigate 

gradients is provided, together with a collection of the most relevant findings in recent years. 

II. Kinetic modelling 

Chapter 3 focuses on the definition, experimental calibration and testing of a five-regime 

kinetic model to describe the performance of the industrially-relevant microorganism Bacillus 

licheniformis under glucose and dissolved oxygen concentration gradients. 

III. Computational Fluid Dynamics modelling 

The case studies of the thesis are presented in Chapter 4, which correspond to two industrial-

scale (40 to 90 m3) stirred tank reactors and a bubble column under two different operational 

settings. Moreover, the simulation results for the fluid dynamics and oxygen transfer are 

shown for different reactor volumes. In Chapter 5, the CFD models from Chapter 4 are 

combined with the kinetic model for Bacillus licheniformis previously developed and two other 

kinetic models for Escherichia coli and Saccharomyces cerevisiae extracted from the 

literature. The discussion revolves around the distribution of the local concentrations of 
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glucose, dissolved oxygen and by-product and the spatial distribution of the metabolic regimes 

that the cells experience. 

IV. Compartment modelling 

The aim of this section is to overcome the computational burden of CFD models by developing 

and utilising CFD-based compartment models that describe the fluid dynamics, mixing and 

oxygen transfer. In Chapter 6, the distribution of compartments and local oxygen transfer 

rates are discussed. Furthermore, the mixing times of the different configurations are 

evaluated and compared with those calculated in CFD modelling to assess the uncertainty of 

the CM mixing time predictions. In Chapter 7, the kinetic models utilised in Chapter 5 are 

implemented into the compartment models. Subsequently, simulations of snapshots of 

aerobic fed-batch fermentation processes are performed and compared with the CFD results 

and those obtained with ideal mixing. 

V. Dynamic compartment modelling 

The final research chapters focus on the development and utilisation of dynamic compartment 

models to simulate entire aerobic fed-batch fermentation processes taking the fluid dynamics 

into account. The methodology for the development of dynamic compartment models is 

described in detail and discussed in Chapter 8. In Chapter 9, the kinetic models of B. 

licheniformis, E. coli and S. cerevisiae are implemented into the dynamic compartment models 

and the occurrence and magnitude of gradients is evaluated in their complete industrial 

processes in terms of local distributions of glucose and dissolved oxygen concentration, 

metabolic regimes that the cells experience, biomass yield and productivity and energy 

efficiency. Finally, recommendations to prevent the occurrence of gradients in industrial 

aerobic fed-batch fermentation processes are provided. 

VI. Conclusions 

The concluding remarks and future perspectives of the work performed in this thesis are 

provided in Chapter 10. 
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Chapter 2 

Theoretical background 
 
 
 

Abstract 

Gradients in industrial bioreactors have attracted substantial research attention since 

exposure to fluctuating environmental conditions has been shown to lead to changes in the 

metabolome, transcriptome as well as population heterogeneity in industrially relevant 

microorganisms. Such changes have also been found to impact key process parameters like 

the yield on substrate and the productivity. Hence, understanding gradients is important from 

both the academic and industrial perspectives.  

In this chapter the causes of gradients are outlined, along with their impact on microbial 

physiology. Quantifying the impact of gradients requires a detailed understanding of both fluid 

flow inside industrial equipment and microbial physiology. This chapter critically examines 

approaches used to investigate gradients including large-scale experimental work, 

computational methods and scale-down approaches. Avenues for future work have been 

highlighted, particularly the need for further coordinated development of both in silico and 

experimental tools which can be used to further the current understanding of gradients in 

industrial equipment.  
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2.1. Introduction 

Spatial gradients in cultivation variables such as substrate, dissolved oxygen and carbon 

dioxide concentrations and pH may emerge in bioreactors when mixing and mass transfer 

requirements are not fulfilled [14]. The biological behaviour strictly depends on the 

fermentation environment directly surrounding the cells. Therefore, if the magnitude and/or 

the occurrence of gradients becomes sufficiently important, cell growth, product formation 

rates and product quality may eventually be compromised [14]. 

The interest in investigating gradients in fermentation processes started approximately 40 

years ago, when Manfredini et al. [44] measured and modelled axial variations in the dissolved 

oxygen concentration in an industrial stirred bioreactor (112 m3) working with non-Newtonian 

fermentation broths. More research involving the measurement of variations in dissolved 

oxygen concentration in bioreactors led to similar outcomes [45], [46] until Oosterhuis and 

Kossen [47] also reported and modelled radial fluctuations. The following step was the study 

of substrate concentration gradients. These were first measured in a Saccharomyces 

cerevisiae 30 m3 fed-batch fermentation process [21]. In this pioneering work, a fast (<1 s) 

glucose concentration fluctuation from approximately 40 to 80 mg L-1 was observed, as well 

as the strong dependence of the gradients on the location of the feeding point and of the level 

of turbulence on gradient development. Computational Fluid Dynamics (CFD) simulations with 

a S. cerevisiae model based on Monod kinetics [48] were performed with four different 

biomass concentrations and glucose feed rate values, corresponding to four different time 

points of the fermentation process [21]. The glucose concentration data in the CFD simulation 

results were overestimated in comparison with the local measurements, meaning that either 

the kinetic model did not adequately capture the microorganism behaviour and/or the CFD 

model did not predict sufficient axial mixing [21]. No effect of gradients on the final cell 

concentration was found. The next step was to assess the impact of gradients on physiology 

in detail. Bylund et al. [16] also observed glucose concentration gradients in a 12 m3 

Escherichia coli fed-batch fermentation process. In this case, acetate production occurred due 

to the high glucose concentration in certain regions of the vessel. This led to a lower biomass 

yield. Nevertheless, the product formation rate was not affected. Enfors et al. [17] continued 

and extended the study of gradients with the investigation of glucose and dissolved oxygen 

local concentration variations with an E. coli fed-batch process in a 22 m3 fermenter. The 

glucose concentration data at different heights in the fermenter were compared with a scale-

down experiment comprising a high-glucose concentration zone to resemble the environment 
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of the feeding point. The performance of multi-compartment scale-down experiments had 

already been previously studied with S. cerevisiae [49]–[51] and Candida utilis [51] for glucose 

concentration fluctuations and Penicillium chrysogenum [52] for dissolved oxygen variations. 

On the one hand, S. cerevisiae presented lower substrate yields [50] and similar [51] or lower 

[49] growth rates compared with ideal mixing. In contrast, C. utilis had presented enhanced 

growth rates under such circumstances [51]. Both microorganisms yielded by-products 

(mainly ethanol) as a result of the high glucose concentration levels [49]–[51]. On the other 

hand, oxygen limitation was tested with P. chrysogenum also with a two-compartment scale-

down setup with anaerobic and aerobic conditions in each compartment. Under long 

fluctuations (5-10 min) and large recirculation volumes (6% of the total liquid volume), an 

irreversible inhibition of the respiration was observed, which did not take place under short 

fluctuations (1-2 min) and short recirculation volumes (1% of the total liquid volume), 

suggesting a lag phase for the inactivation kinetics of respiration. The important outcomes of 

Enfors et al.’s work [17] were the identification of oxygen limiting zones in the bioreactor, the 

repeated transcription of selected genes involved in the development of cell stress responses 

both in the scale-down experiment and the large-scale bioreactor as a physiological response 

to the non-homogeneous environment, and reduced cell membrane damage observed in the 

scale-down simulator compared with the large-scale reactor. 

Summarising, all of these investigations demonstrated the presence of glucose and dissolved 

oxygen concentration gradients in large-scale aerobic fed-batch fermentation processes. 

They also presented the pillars of the strategies that have been and are currently being used 

in the investigation of gradients: (1) the combination of fluid dynamic models with microbial 

kinetics, (2) the measurement of gradients at large-scale and (3) the performance of scale-

down experiments possibly combined with characterisation and quantification by 

bioinformatics tools (-omics) to assess the pool of intracellular biological molecules and 

phenotypic heterogeneity analysis. Studying the influence of gradients on fermentation 

processes is a growing topic of interest, with special focus on the development of tools to 

simulate them both experimentally and computationally, and on the construction of novel 

sensors for more efficient measurement and mapping of the gradients.  
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2.2. Potential effects of gradients on microbial physiology 

2.2.1. Physiological responses and time scales of variations in 

cultivation variables  

From a physiological perspective, oscillations in cell cultivation variables of the local 

fermentation environment can cause a wide array of responses with varying time scales 

(Figure 2.1) [53].  

 

Figure 2.1. Simplified representation of a cell showing the intracellular processes affected by 
exposure to gradients including corresponding timescales (solid arrows). Dashed arrows show 
feedback mechanisms. 

Cells are affected by environmental fluctuations at five different levels: genome, 

transcriptome, proteome, metabolome and population dynamics [54], [55]. The fastest 

responses correspond to changes in the metabolome, i.e. in the distribution and quantity of 

low molecular weight (<1000 Da) metabolites that can be found at intracellular level. The 

metabolome is directly influenced by variations in enzyme kinetics and regulation (activation 

or repression), which occur in a matter of seconds to minutes. Subsequently, the up- or down- 

regulation of the expression of certain genes (seconds to minutes) influences the 

transcriptome, i.e. the distribution and quantity of intracellular RNA. With the translation of 

mRNA to proteins (minutes to hours), variations in the type and quantity of expressed proteins 
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present in a cell (proteome) can be observed. The number of copies of mRNA influences 

directly the amount of proteins that will be translated. Once these proteins are formed and 

expressed, they will influence cell structure, metabolome, replication, transcription, translation 

and cell growth [55]. On the other hand, long term responses (hours to days) include the 

selection of cell sub-populations that have more adapted traits to cope with these oscillations 

and the development of genetic mutations, which can be induced by the stressing cultivation 

environment [56], [57]. The time scale of evolutionary changes is strain-dependent, seeing its 

inverse correlation with the growth rate level. Microorganisms with higher growth rates, and 

consequent lower doubling times, have higher chances to develop evolutionary changes that 

can make them cope with adverse cultivation conditions because of the increased number of 

generations [58]. 

From a bioprocess engineering perspective, these molecular and population dynamics effects 

lead to changes in substrate uptake, product formation and growth kinetics, and in 

maintenance requirements by influencing the cell cycle, physiology and metabolism. These 

adaptations to environmental conditions and their accompanying changes in intracellular 

dynamics provide an additional challenge to the numerical modelling of microbial processes. 

The reason is that their mathematical description can become significantly complex due to the 

amount of underlying processes involved and the high level of uncertainty [59]. 

2.2.2. Process metrics affected by gradients  

The main motivation behind the study of gradients is the understanding of fermentation 

environment scenarios that cause negative effects on cell physiology and can compromise 

process efficiency and profitability, so they can be further tackled. One of the main concerns 

is the utilisation of less energy-yielding metabolic pathways than respiration, which lead to 

reduced yields of biomass (𝑌𝑋𝑆) and product (𝑌𝑃𝑆) on substrate, concentration levels of cells 

(𝑋) and products (𝑃) and volumetric productivity (𝑄𝑃). Changes in such process metrics can 

significantly affect process economics. A well-known example is the utilisation of overflow 

metabolism [10]. Overflow metabolism is the diversion of carbon to fermentative pathways 

when the carbon flux into the cells exceeds their respiratory capacity [60]. Cells undergo 

overflow metabolism to yield energy and maintain redox homeostasis under such 

circumstances [61].  

In Figure 2.2, overflow metabolism is exemplified for the model organism S. cerevisiae [10]. 

First, 1 mole of glucose is converted to 2 moles of pyruvate via glycolysis (Embden-Meyerhof 

pathway) producing 2 moles of adenosine triphosphate (ATP) and reducing 2 moles of 
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nicotinamide adenine dinucleotide (oxidised form: NAD+, reduced form: NADH). The 2 moles 

of pyruvate proceed to the tricarboxylic acid (TCA) cycle and to the respiratory chain if the 

respiratory capacity is not limited, practically meaning that the glucose flux into the cells is not 

in excess and/or oxygen is not limiting [10]. In the respiratory chain, ATP is formed using the 

oxidative power of NADH, produced both from glycolysis and from the TCA cycle [62]. 

Nevertheless, if the respiratory capacity of the cell is limited, pyruvate is diverted to the 

overflow route to produce ethanol and alleviate the redox imbalance.  

 

Figure 2.2. Overview of central metabolism of Saccharomyces cerevisiae. All quantities are 
displayed on a molar basis. 1 mole of glucose is converted to 2 moles of pyruvate via glycolysis 
(Embden-Meyerhof pathway) releasing 2 ATP. Under fully oxidative conditions, the pyruvate 
and the 2 moles of NADH produced in the glycolysis are converted to 36 moles of ATP via the 
tricarboxylic acid cycle and the respiratory chain. When the oxidative capacity of the cell 
becomes limited, some pyruvate is diverted to overflow metabolism with the formation of 
ethanol. Each pyruvate can oxidise 2 NADH to NAD+, maintaining the redox balance. 
Furthermore, 2 moles of ATP are yielded from one mole of glucose via glycolysis.  

From a process perspective, the utilisation of overflow pathways leads to decreased yields of 

biomass on substrate, as a direct consequence of the lowered energy yield and because some 

carbon is diverted to the formation of by-products and not fully oxidised. Biomass yields on 

glucose have reported to drop from approximately 0.50 g g-1 during full respiration to 0.15 and 

0.05 g g-1 during overflow metabolism for E. coli [63] and S. cerevisiae [64], respectively. Thus, 

the occurrence of overflow metabolism in each system would require the addition of 333 to 

1 Glucose

2 Pyruvate

2 Ethanol

2 NADH

2 NAD+

36 ATP

2 ATP

Glycolysis

TCA cycle +

Respiratory chain

Overflow pathway
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1000% substrate in order to reach the same cell concentration levels. Furthermore, negative 

effects on cell physiology [65]–[68] and growth [69] if by-products are present at a sufficient 

level can occur. These may be re-assimilated under some circumstances, e.g. acetate utilised 

in E. coli when glucose is at a low concentration level [61].  

Subsequently, process formation rates could also be affected under overflow conditions. 

According to Luedeking and Piret [70], the product formation rate (𝑟𝑃) can depend on growth 

and/or cell density and can be mathematically expressed as in Equation 2.1.  

𝑟𝑃 = 𝛾𝜇𝑋 + 𝛽𝑋 (2.1) 

The constants 𝛾 and 𝛽 relate 𝑟𝑃 with the specific growth rate (𝜇) and 𝑋, respectively. On the 

one hand, decreased biomass yields on substrate lead to lower cell densities if additional 

sugar is not provided, which lowers the value of the second term of Equation 2.1 and results 

into reduced 𝑟𝑃 levels. Furthermore, 𝛾 corresponds to the yield of product on biomass (𝑌𝑃𝑋) 

which depends on 𝑌𝑋𝑆 and on the yield of product on substrate (𝑌𝑃𝑆) as shown in Equation 2.2. 

𝛾 = 𝑌𝑃𝑋 =
𝑌𝑃𝑆
𝑌𝑋𝑆

(2.2) 

Hence, both the decreased substrate yield and the accompanying reduction of the biomass 

concentration level if additional sugar is not supplied negatively influence the product 

formation rate. Product formation kinetics of all microorganisms cannot be modelled with the 

Luedeking and Piret approach but it is likely that they will depend on growth and/or cell density, 

so the equation can be modified according to the particularities of the process. Growth-

associated product formation mechanisms involve processes where the main product is a 

result of energy metabolism (e.g. ethanol production by anaerobic yeast fermentation) [71]. 

On the other hand, non-growth associated products are those that indirectly depend on energy 

metabolism (e.g. PHB production in bacteria), the product is a secondary metabolism (e.g. 

penicillin formation by aerobic fermentation of fungi) [71] or the product correspond to an 

intracellular/extracellular protein, whose formation may be triggered by an inducer. Thus, 

depending on the type of process, one of the two terms of the Luedeking-Piret equation 

(Equation 2.1) may need to be neglected.  

If additional substrate is not provided, reduced 𝑌𝑃𝑆 and its accompanying decrease in the 

product formation rate will also affect the product concentration (also called “titer”) and the 

volumetric productivity. This is an important constraint, since in both batch and fed-batch 

processes, the amount of substrate that can be added to the tank is limited. More diluted 



14 

 

fermentation broths increase the downstream processing cost, since more broth needs to be 

processed to achieve the same amount of product.  

In bacteria and yeast cells, the occurrence of overflow metabolism can be anticipated by 

estimating the critical specific substrate uptake rate level (𝑞𝑆,𝑐𝑟𝑖𝑡) at which respiration is limited 

[72]. This parameter is highly strain-dependent and can be experimentally found under 

aerobic conditions by increasing the substrate flux into the cells and evaluating the change in 

by-product formation and substrate and oxygen utilisation [73], [74]. The value of 𝑞𝑆,𝑐𝑟𝑖𝑡 

increases with a healthier nutritional state [75] (e.g. with the use of higher-quality medium) 

and may decrease with increasing dissolved oxygen concentration, being zero at completely 

anaerobic conditions [10]. The reason is that the cells need of sufficient oxygen to catabolise 

glucose. 𝑞𝑆,𝑐𝑟𝑖𝑡 has a physiological limit, whose value is speculated to be a trade-off to 

maximise cell fitness [72]. One of the main theories focuses on the trade-off between efficient 

membrane surface-to-volume cell ratios and the ATP yield, which links the cells metabolic 

choice to their morphology and size [76]. Other relevant trade-off hypotheses have been 

reviewed elsewhere [72]. 

Furthermore, if substrate has high concentrations in a certain zone of the bioreactor, it is likely 

that there are low concentrations in another. This can lead to the development of substrate 

starvation in several regions of the bioreactor [29]. The lack of substrate may compromise cell 

stability due to the incapability to meet maintenance requirements [77].  

Computational fluid dynamics simulations of pilot (0.24 m3) [28] and production (22 and 54 m3) 

[19], [29] aerobic fed-batch fermentation processes have reported that cells travel constantly 

between different metabolic regimes with maximum fluctuations of approximately 100 s, 

meaning that their cultivation conditions alternate rapidly. These fast environmental variations 

may also affect the physiological response of cells and process performance since cells may 

be subjected to continuous feast and famine scenarios [78], [79] where molecular responses 

to local fluctuations might play an important role.  

Finally, it has been noted that when E. coli was exposed to fluctuating environmental 

conditions the cells had higher viability (as quantified via flow cytometry), but a lower biomass 

yield than cells exposed to a uniform environment [80], [81]. Similarly, exposing S. cerevisiae 

to fluctuating conditions was found to lead to a reduction in the biomass yield on substrate, 

but also to improved product quality (quantified using the gassing power of the yeast) [82]. In 

aerobic fed-batch processes, Aspergillus oryzae has shown to develop morphological 

changes by reducing its size by half when pulse-feeding was used instead of continuous 
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feeding [83], [84]. Although no significant changes in specific process rates were observed, 

broth viscosity was significantly reduced, enhancing oxygen transfer and facilitating process 

operation. These results raise two interesting issues. Firstly, they suggest that exposure to 

gradients may result in positive as well as negative outcomes. Secondly, it highlights the 

challenges involved with scale-down experiments as it may be necessary to replicate multiple 

parameters (e.g. the yield and viability) in order to faithfully mimic industrial equipment.  

In conclusion, quantifying the critical levels at which important cell events take place, such as 

the starting point of overflow behaviour (𝑞𝑆,𝑐𝑟𝑖𝑡) and of substrate limitation (maintenance), is 

of great interest to define the strain-dependent environmental conditions sought during a 

fermentation. Accordingly, this knowledge needs to be used to build the strain-dependent 

operational window that allows the evasion of significant gradients that can negatively 

influence cell physiology. Nevertheless, it needs to be considered that positive effects may 

arise from gradients. The advantages they may provide should be investigated to identify the 

scenarios that ensure optimal process performance. 

 

2.3. Factors influencing the occurrence and magnitude of 

gradients in aerobic fed-batch fermentation processes 

In fed-batch operation, the local supply of carbon source impacts the homogeneity of the 

fermentation broth [85]. In two computational studies with S. cerevisiae [28], [86], the effect of 

sugar concentration gradients has been alleviated by changing the feeding position from the 

top to the middle and the bottom of the fermenter for two aerobic cultivations with S. 

cerevisiae.  Subsequently, mixing performance and strain-dependent microbial physiology 

dictate the manner the cells are affected by these gradients. However, not all gradients are a 

concern, as many industrial strains are sufficiently robust to cope with minor deviations [87]. 

The issue with gradients arises when they become large enough, so that the local value of 

one or several operational parameters become significantly different from a strain-dependent 

critical level. To prevent a process from developing severe gradients, it is essential to identify 

the thresholds of these process variables and run the fermenter at an optimal operational 

window to ensure the presence of only non-significant gradients. Thus, it is necessary to first 

define the operational factors that can influence the development of gradients and understand 

how they are connected. These factors are summarised in Table 2.1 for substrate and 

dissolved oxygen concentration gradients in aerobic, fed-batch fermentation processes.  
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Table 2.1. Summary of design and operational parameters and their effect on the incidence of gradients in large-scale reactors. 

Operational 
factors 

Influenced process parameters Challenges/Limitations Refs 

Aeration rate 
Increased aeration leads to (1) higher gas hold-up, which is directly correlated 
with the gas-liquid interfacial area and, therefore the OTR; (2) shorter mixing 

times because aeration may enhance mixing performance.  

Increased energy demand. 

Potential increase in foaming.  

Impeller flooding.  

[88]–
[91] 

Agitation 
speed 

Dictates flow pattern and flow intensity. Increased agitation speed (1) shortens 
the mixing time; (2) it decreases bubble size by promoting bubble breakage. 

Bubble diameter is inversely correlated with the interfacial area, ultimately 
improving oxygen transfer; (3) increases the volumetric power input, which is 

directly correlated with the 𝑘𝐿𝑎, enhancing gas-liquid oxygen transfer. 

Increased power input (power is 
proportional to the impeller speed 

cubed).  

[89], 
[91]–
[93] 

Feed rate 
Both the magnitude of the feed rate and the position where it is introduced 
can influence the substrate distribution in the fermenter. The magnitude 
needs to be such that one prevents the cells from starving or overfeeding. 

 

[21], 
[28], 
[94] 

Headspace 
pressure 

Increased headspace pressure improves oxygen transfer by two means: (1) 
decreasing the bubble diameter which is inversely correlated with the 

interfacial area assuming a constant gas volume fraction and increases the 
OTR; (2) increasing the value of the oxygen concentration at saturation, 

augmenting the oxygen gas-liquid driving force. 

Increased energy demand to 
compress the gas. 

More complex and expensive 
vessel design to handle high 

pressures. 

[1] 

Impeller type 
and number 

Both dictate the flow pattern and recirculation loops, which (1) influence the 
mixing time and (2) the bubble size which changes with the impeller type and 

decreases with a higher number of impellers due to enhanced bubble 
breakage, augmenting the OTR. 

Increasing the number of impellers 
increases power input. 

[91], 
[95]–
[97] 

Medium/broth 
physical 

properties 

Surface active compounds in fermentation medium or broth can reduce 
oxygen transfer. Increased viscosity: (1) negatively influence mass transfer 
coefficients, decreasing the OTR. Mixing performance is also compromised 

with (2) the possible formation of cavities and an increase in the mixing time. 

Avoiding viscous broth is 
impossible in some instances (e.g. 
filamentous fungi or in situations 
where the product increases the 

viscosity). There are practical and 
economic limitations in selection of 

the medium components. 

[87], 
[98], 
[99] 

Reactor 
design 

Besides the reactor geometry (height, diameter), reactor design involves the 
relative positioning and size of internal hardware in the vessel (impeller, 
sparger, baffles, coils). The (1) mixing time, (2) OTR and (3) substrate 

distribution can be affected. 

 

[1], 
[28], 
[93], 
[100] 

Reactor type 
(e.g. STR, 

BC) 

The reactor type will (1) influence the flow pattern and the mixing time, as 

well as (2) the gas hold-up, which will directly influence the 𝑘𝐿𝑎 and the OTR. 
 

[1], 
[86], 
[93], 
[101] 
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From Table 2.1, it is observed that changes in operational factors mainly affect three aspects 

of the fermentation process: oxygen transfer, mixing time and glucose concentration 

distribution. The last also depends strongly on the mixing time and on the glucose uptake rate. 

These variables give an indication of what can be altered to prevent the potential development 

of significant glucose and dissolved oxygen concentration gradients in aerobic fed-batch 

fermentation processes. Nevertheless, they do not describe the impact of gradients on 

fermentation processes without taking into account the microbial perspective. It is the 

physiology of the microorganisms that defines how they react to and tolerate varying 

cultivation environments. Knowing that, combining both fluid dynamics and microbial 

physiology is the rational approach to investigate the impact of gradients on fermentation 

processes, and account both for the effects of the operational factors on mixing performance 

and oxygen transfer and the microorganism viewpoint [23].  

The achievement of high oxygen transfer rates (OTR) is a key subject when working with 

aerobic fermentation processes that involve Newtonian broths such as of bacteria and yeast 

processes owing to two main reasons: (1) the utilisation of oxygen is essential for many 

microbial strains to perform at their optimal level and (2) oxygen is highly insoluble (of the 

order 8 mg L-1 at atmospheric pressure [1]) and many consequent challenges when working 

with submerged fermentation processes arise. The continuous supply of oxygen to the 

fermentation vessel is therefore required, as well as the establishment of optimal operational 

conditions that promote oxygen transfer to the liquid phase and cellular uptake [89]. 

The OTR depends on the overall mass transfer coefficient 𝑘𝐿𝑎 and a driving force resulting 

from the difference of oxygen concentration in gas saturation or oxygen solubility (𝑂∗) and in 

the liquid phase (𝑂). It can be mathematically expressed as in Equations 2.3 and 2.4. 

𝑂𝑇𝑅 = 𝑘𝐿𝑎(𝑂
∗ − 𝑂) (2.3) 

𝑂𝑇𝑅 = 𝑘𝐿𝑎
(𝑂∗ − 𝑂)𝑜𝑢𝑡 − (𝑂

∗ − 𝑂)𝑖𝑛

ln (
(𝑂∗ − 𝑂)𝑜𝑢𝑡
(𝑂∗ − 𝑂)𝑖𝑛

)
(2.4)

 

The parameters 𝑂𝑖𝑛
∗  and 𝑂𝑜𝑢𝑡

∗  represent the oxygen concentration at saturation at the inlet 

(sparger) and outlet (liquid surface) of the tank, respectively. Equation 2.3 should be used for 

tanks ranging up to 1 m3 [102]. For larger vessels, Equation 2.4 is recommended because it 

takes the significant hydrostatic pressure increase into account by calculating the logarithmic-

mean oxygen concentration difference [1]. Thus, pressure plays an important role in the 

definition of the oxygen concentration at the saturation. This lies in the definition of this 
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variable, that following Henry’s law approach is expressed as in Equation 2.5 [10], where 𝛼𝑂2 

represents the volume fraction of oxygen in the gas phase, 𝑃𝑎𝑏𝑠 is the absolute pressure and 

𝐻𝑂, the Henry’s law constant for oxygen. 

𝑂∗ =
𝛼𝑂2𝑃𝑎𝑏𝑠
𝐻𝑂

(2.5) 

From Equation 2.5, it is observed that the value of 𝑂∗ and oxygen transfer can be boosted by 

increasing the absolute pressure and/or the fraction of oxygen in the sparged gas, such as by 

using enriched air or pure oxygen rather than normal air [102]. Furthermore, higher 𝑂∗ and 

oxygen transfer rates can be achieved with decreasing temperature, since it is inversely 

correlated with 𝐻𝑂 [1]. Finally, the presence of solutes increases the value of 𝐻𝑂, leading to a 

decrease between 5 and 25% of the oxygen solubility in typical fermentation broth [1]. 

Although 𝑘𝐿𝑎 is widely used as a single coefficient [1], [103], it can also be divided into two 

parts. On the one hand, 𝑘𝐿 is the mass transfer coefficient in the liquid layer, which is used as 

the overall transfer coefficient (𝐾𝐿) because the resistance to mass transfer in the gas is 

considered to be negligible compared to the resistance in the liquid film [10]. The value of 𝑘𝐿  

increases under circumstances that promote oxygen transfer through the stagnant layer, such 

as high turbulence levels and decreasing values of the kinematic viscosity of the broth [104]. 

𝑘𝐿 can be either measured experimentally [105] or estimated using correlations [104], [106]. 

The parameter 𝑎 corresponds to the interfacial area between the gas and liquid phases. For 

spherical bubbles, 𝑎 is calculated as in Equation 2.6, where 𝛼𝐺 is the gas hold-up and 𝑑𝐵, the 

bubble diameter.  

𝑎 =
6𝛼𝐺
𝑑𝐵

(2.6) 

From Equation 2.6, it is concluded that situations that lead to high gas volume fractions and 

low bubble diameter values, such as high aeration rates and increased pressure respectively, 

increase the value of 𝑎 and enhance oxygen transfer. 

Although the development of tools to study the operational aspects that influence gradients 

(e.g. computational fluid dynamics, compartment models) is increasingly popular, their 

utilisation can become challenging due to the required expertise that implementing some 

techniques may require [30], [107]. However, with the use of regime analysis [108], it is 

possible to foresee whether a system is likely to develop meaningful gradients and, 

consequently, whether a full study is of interest. When applied to substrate concentration 
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gradients, the idea behind regime analysis is to calculate the average characteristic time of 

substrate consumption (𝜏𝑆𝐶) (Equation 2.7 [108]) and relate it to the mixing time (𝜏𝑚) of the 

reactor (Equation 2.8 [91] and 2.9 [93]). The mixing time is defined as the time needed for the 

concentration of an inert tracer to reach a pre-defined degree of homogeneity starting from an 

initial, totally segregated state. A value of ± 5% of the final equilibrium concentration is typically 

used [1]. Alternatively, it is possible to calculate the circulation time (the time taken for the 

liquid to complete one circulation “loop”) and use this as the characteristic time for substrate 

transport. Use of the circulation time will give a lower value than the mixing time [1], typically 

by a factor of three to five. In practice, the values of both the circulation and mixing time 

depend on both the location where the substrate is introduced as well as the measurement 

location [93], [109], implying there are in fact multiple values of this parameter for a given 

reactor configuration. It is not immediately obvious which of these should be selected, but a 

conservative design approach would suggest using the highest value of the mixing time in the 

estimation of gradients using regime analysis. 

𝜏𝑆𝐶 =
𝑆

𝑞𝑆𝑋
(2.7) 

𝜏𝑚,𝑆𝑇𝑅 = 3.3 (
1

𝑁
) (
1

𝑃𝑜
)

1
3
(
𝐷

𝐻
)
−2.43

(2.8) 

𝜏𝑚,𝐵𝐶 = 6.33 ∙ 2
−4/3𝜃

𝐻2

𝑔
1
3𝑇

4
3𝑈𝑠𝑔

1
3

(2.9) 

Equation 2.7 shows the mathematical expression for calculation of the average characteristic 

time of glucose consumption (𝜏𝑆𝐶) which is a function of the substrate concentration (𝑆), the 

specific rate for substrate uptake (𝑞𝑆) and the biomass concentration (𝑋). Equation 2.7 also 

indicates that the systems likely to develop glucose (and dissolved oxygen) concentration 

gradients are those whose strains present high uptake rates and/or whose operation involves 

low glucose concentrations and high cell densities. 

Equations 2.8 and 2.9 can be used to estimate the mixing time for a stirred tank reactor (STR) 

with multiple impellers and a bubble column (BC), respectively. Both correlations take into 

account the effect of geometry (𝐻: total (gas and liquid) height, 𝑇: tank diameter) on mixing 

performance. Furthermore, the STR also considers the impeller type (𝑃𝑂: power number) and 

size (𝐷: impeller diameter) and the BC, the superficial velocity (𝑈𝑠𝑔). The bubble column 

correlation also takes the experimental setup for the mixing time evaluation into account, 
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depicted with a coefficient 𝜃 that can range between 0.05 and 0.5 depending on the position 

of the monitoring point for the mixing time evaluation and the concentration of tracer [93].  

If 𝜏𝑚 < 𝜏𝑆𝐶, mass transfer limitations are not likely to take place and substrate gradients are 

not likely to occur. On the contrary, if 𝜏𝑚 > 𝜏𝑆𝐶, insufficient mixing performance can cause 

local accumulation and also lack of delivery of substrate to certain regions of the bioreactor, 

potentially leading to meaningful substrate concentration gradients and compromising cell 

performance.  

At this stage it is also interesting to note some important differences between transport of 

oxygen and substrate. Firstly, the length scale for oxygen transport is of the order 10-3 m (from 

the bubble to the liquid), while for substrate it is of the order 101 m (from the feed point to the 

furthest point in the reactor). This implies much larger spatial variations in the substrate 

concentration. Secondly, for the substrate both insufficient and excess concentrations can 

lead to physiological problems for the cells (nutrient starvation and overflow metabolism, 

respectively), while only oxygen limitation is likely to be a practical problem. Hence it is 

necessary to keep the substrate concentration in a desired operating window, which may be 

more challenging than maximising the transport rate of oxygen.  

In Table 2.2, the geometry and operational settings of two hypothetical 90 m3 bioreactors (a 

stirred tank with multiple Rushton impellers and a bubble column) are presented as an 

example. These values have been used to estimate the mixing time in each system for varying 

agitation speed and superficial velocity values using Equations 2.8 and 2.9 

(Figure 2.3A and B). These reactor designs and operational conditions will be used in 

Chapters 4-9. 

Table 2.2. Geometrical and mixing parameters for two hypothetical bioreactors of 90 m3 used 
for the calculation of the mixing time based on correlations from the literature. 

Parameter Units Stirred tank Bubble column 

Liquid volume (𝑉𝐿) m3 77 59 

Agitation speed (𝑁) s-1 
1.50 – 2.33 (corresponding to 

𝑃𝑖/𝑉𝐿 = 1 – 4 kW m-3) 
n.a. 

Power number (𝑃𝑂) - 5.5 [91] n.a. 

Impeller diameter (𝐷) m 1.4 n.a. 

Working height (𝐻) m 10.4 9.2 

Reactor diameter (𝑇) m n.a. 1.74 

Superficial velocity (𝑈𝑠𝑔)  m s-1 n.a. 0.08-0.16 

Mixing time (𝝉𝒎) s 105-163 44-55 
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In Figure 2.3A and B, it is observed that for the same total volume of 90 m3, the mixing time 

of the stirred tank is considerably larger to that of the bubble column reactor. It should be 

considered that the liquid volume of the STR is higher so a longer mixing time was expected. 

Although the total volume is equal, bubble columns operated under these conditions present 

higher gas hold-up levels (Chapter 4) so the liquid volume has different values (Table 2.2). 

Based on these correlations, for the same total volume of 90 m3 for two reactors with similar 

geometrical settings but distinct operation, it is more likely that gradients develop in the stirred 

tank reactor. 

Assuming a biomass concentration of 100 kg m-3 corresponding to the value achieved with 

high cell densities [22], the characteristic time of substrate (glucose) consumption has been 

calculated for three widely-used industrial microorganisms: Bacillus licheniformis, E. coli and 

S. cerevisiae. The kinetic models used for the calculation of 𝑞𝑆 are described in detail and 

utilised in Chapters 3, 5, 7 and 9. Oxygen limitation for the calculations presented in this 

chapter has been neglected. The general expression of 𝑞𝑆 depends on the critical level of the 

specific growth rate (𝜇𝑐𝑟𝑖𝑡) that distinguishes between oxidative and overflow metabolic 

regimes and is mathematically described as in Equations 2.10 and 2.11 for 𝜇 < 𝜇𝑐𝑟𝑖𝑡   and 𝜇 >

𝜇𝑐𝑟𝑖𝑡, respectively. 

𝑞𝑆
𝑂𝑥 =

𝜇

𝑌𝑋𝑆
𝑂𝑥 +𝑚𝑆 (2.10) 

𝑞𝑆
𝑂𝑓
=

𝜇

𝑌𝑋𝑆
𝑂𝑥 +

𝜇 − 𝜇𝑐𝑟𝑖𝑡

𝑌𝑋𝑆
𝑂𝑓

+𝑚𝑆 (2.11) 

The parameters 𝑌𝑋𝑆
𝑂𝑥 and 𝑌𝑋𝑆

𝑂𝑓
 correspond to the yield coefficient of biomass on substrate in 

oxidative and overflow regimes respectively, while 𝑚𝑆 is the maintenance coefficient of 

substrate. 𝜇 follows Monod kinetics (Equation 2.12) [48].  

𝜇 =
𝜇max𝑆

𝐾𝑆 + 𝑆
𝑓(𝑆) (2.12) 

Substrate inhibition (𝑓(𝑆)) has been taken into account for B. licheniformis and E. coli following 

the approaches from Andrews and Noack, and Aiba and co-workers [110], respectively. A 

considerably higher substrate inhibition level has been considered for B. licheniformis rather 

than E. coli (𝐾𝐼𝑆 = 2.18 (Chapter 3) and 46.9 [111] kg m-3, respectively). The results of the 

estimation of 𝜏𝑆𝐶 are shown in Figure 2.3C.  
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Figure 2.3. Mixing time for a stirred tank (A) and a bubble column (B) reactors with varying 
agitation speed and superficial air velocities, respectively. Correlations from the literature have 
been used for the calculation of the mixing time (Equations 2.8 and 2.9). (C) Characteristic time 
of substrate uptake for three widely-used microorganisms in the fermentation industry: B. 
licheniformis (continuous line), E. coli (dashed line) and S. cerevisiae (dotted line) when 
operating with a biomass concentration of 100 kg m-3, a varying glucose concentration from 0 
to 20 kg m-3, and sufficient dissolved oxygen concentration. The red and blue rectangles 

represent the critical range of the characteristic time for substrate uptake range at which 𝝉𝑺𝑪 =
𝝉𝒎 for the stirred tank and the bubble column, respectively. Accordingly, substrate 
concentration gradients are not likely to happen above the critical characteristic time for 
substrate uptake range and vice versa. 

 

 

𝜏𝑚 = 𝜏𝑆𝐶

𝜏𝑚 = 𝜏𝑆𝐶
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Above the critical area corresponding to the mixing time of the two types of bioreactors studied 

(Figure 2.3C), the bottleneck of the processes is not substrate mass transfer through mixing 

but uptake kinetics. In contrast, below the critical area, mixing is expected to be limiting and 

gradients in substrate concentration may arise. Regime analysis cannot determine whether 

these substrate concentration gradients are significant enough to cause an effect on cell 

physiology and process performance. The type of microorganism considerably influences the 

outcome of this comparison. The microorganism with a larger operational window of substrate 

concentration to develop gradients is S. cerevisiae, followed by E. coli and B. licheniformis 

(Figure 2.3C). When calculating 𝜏𝑆𝐶 (Equation 2.7), the value of 𝑆 ranged between 0 and 

20 kg m-3 while 𝑋 was kept at the same level for all microorganisms. Thus, the likelihood of 

the microorganisms to develop substrate concentration gradients will directly depend on the 

value of their substrate uptake rates (Equation 2.7).  

 

2.4. Tools to model, measure and mimic gradients  

Comparing the values of the mixing time and characteristic time of substrate uptake is a 

powerful tool to assess the potential occurrence of gradients, such as of substrate and 

dissolved oxygen concentrations, on specific fermentation processes a priori. Nevertheless, 

the full evaluation of gradients (i.e. determining their magnitude and physiological impact on 

process performance) can follow three different approaches which correspond to gradient 

modelling, measuring in large scale and mimicking in small scale systems. The most widely 

used tools for the study of gradients are described in this section, as well as their advantages, 

limitations and future perspective. 

2.4.1. Gradient modelling 

In order to assess and quantify the impact of gradients on fermentation processes, modelling 

of gradients should take into account two different aspects as previously underlined: the fluid 

dynamics (i.e. mixing performance, oxygen transfer distribution) and the microorganism 

perspective [23]. Computational Fluid Dynamics or compartment models are used to simulate 

fluid dynamics, while microbial kinetic models are utilised to simulate the microorganism’s 

behaviour.  
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Computational Fluid Dynamics  

Computational Fluid Dynamics (CFD) is the discipline that uses computational numerical 

analysis to investigate systems involving fluid flows [107]. CFD simulation results provide an 

extremely high level of detail of all types of flow variables (e.g. velocity, pressure, density and 

temperature), which allows an extensive characterisation of any system involving fluid flows 

and its optimisation once the CFD model is properly constructed and validated. When 

combined with physical, chemical and/or biological models, CFD simulation results also output 

the local values of their state variables in all the reactor volume. Furthermore, the utilisation 

of CFD models allows the simulation of systems that are difficult to run or access, such as 

large-scale bioreactors with operational settings far from the usual performance boundaries. 

In such cases, the utilisation of CFD software compared with experimental procedures might 

become economically advantageous [107]. 

The main limitations of CFD models are the numerous complex equations included and their 

accompanying large computational demand. The improvement of high-performance 

computing (HPC) platforms and the implementation of user-friendly software interfaces have 

increased CFD popularity [107]. While using CFD software is becoming easier, it is absolutely 

required to have a high degree of expertise in fluid mechanics to set up, solve and analyse 

CFD case studies, owing to their intrinsically complex nature.  

CFD codes normally consist of three main parts: a pre-processor to define the CFD problem, 

a solver and a post-processor to analyse, plot and further calculate variables of interest [107]. 

The most common solver in widely-used commercial software is the finite volume method. 

When using such method, the pre-processor is used to (1) define the geometry of the fluid 

domain, (2) sub-divide the fluid domain into a number of smaller, non-overlapping domains 

(control volumes) which will consist of the cells in the grid or mesh. All flow equations will be 

solved in each of the mesh elements. Thus, the selection of the number of cells in a grid is a 

trade-off between the spatial resolution of sensitive quantities and the computational cost of 

the simulation. Furthermore, the pre-processor is utilised to (3) define the physical, chemical 

and biological phenomena to be modelled as well as the fluid properties, and (4) select 

adequate boundary conditions for mesh elements positioned at the edge of the fluid domain. 

This method firstly integrates the governing equations of fluid flow over all the finite control 

volumes (mesh elements) of the fluid domain. These correspond to conservation equations 

for all flow variables. For aerobic fermentation broth, the Euler-Euler approach is used to 

formulate the multiphase (gas-liquid) flow equations for mass, momentum and species [25]. 

The different phases are treated mathematically as interpenetrating continua, meaning that a 
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volume fraction value for each phase (𝛼) is defined. Phasic volume fractions are continuous 

in space and time and their sum is equal to one [112]. Equations 2.13-2.18 show that the rate 

of change of mass, momentum and species depends on convection, diffusion and transfer for 

both liquid and gas phases. Their detailed mathematical description can be found in textbooks, 

such as [107]. These equations are subsequently discretised and solved using an iterative 

method. Once the CFD model is solved, post-processing first requires the expert assessment 

of results to ensure they are physically meaningful and properly converged. If they pass these 

tests, many data visualization tools are available for comprehensive analysis (e.g. domain 

geometry and grid display, vector plots, contour plots). 

𝜕(𝜌𝐺𝛼𝐺)

𝜕𝑡
+ ∇ ∙ (𝜌𝐺𝛼𝐺𝑼𝐺)    =  −𝛤𝐺𝐿 (2.13) 

   
𝜕(𝜌𝐿𝛼𝐿)

𝜕𝑡
+ ∇ ∙ (𝜌𝐿𝛼𝐿𝑼𝐿)    =  𝛤𝐺𝐿 (2.14) 

 𝜕(𝜌𝐺𝛼𝐺𝑼𝐺)

𝜕𝑡
+ ∇ ∙ (𝜌𝐺𝛼𝐺𝑼𝐺⊗𝑼𝐺) =

−𝛼𝐺∇𝑝 +  𝛻 ∙ (𝛼𝐺𝜇𝐺,eff [𝛻𝑼𝐺 + (𝛻𝑼𝐺)
𝑇 −

2

3
𝜹𝛻.𝑼𝐺]) +  𝛼𝐺𝜌𝐺𝒈+𝑴𝐺𝐿 − 𝛤𝐺𝐿𝑼𝐺 (2.15)

 

 𝜕(𝜌𝐿𝛼𝐿𝑼𝐿)

𝜕𝑡
+ ∇ ∙ (𝜌𝐿𝛼𝐿𝑼𝐿⊗𝑼𝐿) =

−𝛼𝐿∇𝑝 +  𝛻 ∙ (𝛼𝐿𝜇𝐿,eff [𝛻𝑼𝐿 + (𝛻𝑼𝐿)
𝑇 −

2

3
𝜹𝛻.𝑼𝐿]) +  𝛼𝐿𝜌𝐿𝒈−𝑴𝐺𝐿 + 𝛤𝐺𝐿𝑼𝐺 (2.16)

 

𝜕(𝜌G𝛼G𝑌𝑂2)

𝜕𝑡
+ ∇ ∙ (𝛼G𝜌G(𝑼𝐺 − 𝐷eff,𝑂2∇𝑌𝑂2)) = −𝛤𝐺𝐿 (2.17) 

𝜕(𝜌L𝛼L𝑌𝐷𝑂2)

𝜕𝑡
+ ∇ ∙ (𝛼L𝜌L(𝑼𝐿 − 𝐷eff,𝐷𝑂2∇𝑌𝐷𝑂2)) = 𝛤𝐺𝐿 + 𝑆𝐷𝑂2 (2.18) 

Besides the use of Euler-Euler approaches for the description of multiphase fluid flows [24], 

[25], the use of Euler-Lagrange methods have been reported for the assessment of the impact 

of gradients on fermentation processes [28], [113]–[115]. When using the Euler-Lagrange 

approach, a certain number of microbial cells are modelled as particles and collect data of 

physical, chemical and biological variables as functions of time. The time-dependent path over 

the reactor of each particle is defined as “Lagrangian trajectory”. Then, a statistical 

assessment of the amount, type and length of fluctuations between varying conditions can be 

performed, providing valuable information about the potential triggered physiological 

responses. By using one-way coupling, it is assumed that the fluid flow influences the motion 

of the particles, but not vice versa. This assumption is normally made because it is not 

expected that cells considerably affect the fluid flow based on their density and size values 
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(i.e. the Stokes number of the cells is << 1). Equation 2.19 describes the displacement (𝒙) of 

a particle by integration of its velocity (𝑼𝑃) [28]. 𝑼𝑃 is calculated by solving the momentum 

equation for the particle as in Equation 2.20. 

𝑑𝒙

𝑑𝑡
= 𝑼𝑃 (2.19) 

𝑀𝑃
𝑑𝑼𝑃
𝑑𝑡

= 𝑭𝑃 (2.20) 

Compartment models  

Compartment or networks-of-zones models consist of collections of ideally mixed fixed 

volumes with such flow rates and connections between them that their overall flow behaviour 

is able to represent the reactor fluid dynamics [36]. CMs are easier to use than CFD models 

[30] for two main reasons. First, CMs are normally run with just a few homogeneous volumes 

or compartments (2-70) [116], while the number of cells in a CFD mesh is rather large, e.g. 

ranging up to millions of elements for large scale bioreactors imposing significant hardware 

requirements [117]. Secondly, in compartment models, complex physical phenomena are not 

simulated, meaning that only species (e.g. substrate) mass balances are solved while 

governing equations describing fluid flow dynamics are excluded. These features result in 

very short simulation times (few seconds [34]) without the need for HPC hardware, which 

makes CMs very flexible and attractive for many practical applications such as optimisation of 

the feeding point or of the location for acid or base addition. CMs should not be seen as a 

variation of CFD models with coarser mesh elements, but as a collection of ideally mixed 

volumes, flows and connections built with the knowledge of the magnitude and direction of 

flows. Thus, CMs are a massive simplification of CFD models that can represent a system’s 

macromixing performance but cannot replace CFD models in terms of flow variables. By 

making so many simplifications in comparison with CFD models, the accuracy of the results 

in CMs is compromised. Therefore, extreme attention needs to be paid to properly balancing 

accuracy and computational cost when deciding whether CFD or CMs should be used to 

answer a certain research question.  

Practically, the main challenge of compartment models is their definition in terms of 

compartment volumes, flows and connections, which does not have a standard approach due 

to the variety of end-applications and required levels of accuracy of CMs [30]. First, CMs were 

defined empirically [118] based on local hydrodynamics knowledge, theoretical models and 

empirical flow field predictions. With the subsequent growing utilisation of CFD software, CMs 

have been built semi-automatically [34], [35], [42], [116], [119], meaning that CFD results are 
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used for the calculation of flows but the differentiation of homogeneous zones is still based on 

the user-defined criteria. The fully automatic design of compartment models is finally 

accomplished with the development and exploitation of novel CFD-based tools [41], which 

allow the specification of homogeneity tolerance levels and the automatic definition of 

compartment volumes and connections and calculation of flow rates between compartments. 

This opens a new perspective regarding the easy construction and operation of models that 

can reproduce the fluid dynamic behaviour in complex systems satisfactorily and that are 

partially de-coupled from CFD models. In Figure 2.4, an example of an automated CFD-based 

compartment map based on the velocity profile of a bubble column simulation is depicted. 

 

Figure 2.4. (A) On the left side, CFD simulation contour plot result showing the velocity profile 
of a bubble column bioreactor and its accompanying compartment map on the right side 
developed with an automatic compartment development method based on the axial and radial 
velocity fields [41]. (B) Representation of the resulting network-of-zones with connections that 
can be used in modelling work for accounting for the fluid dynamics of the bubble column. 

In fermentation processes, CMs have been utilised for systems involving the simulation of pH 

gradients in a pilot-scale lactic acid bacteria fermentation process [34], [94], glucose and 

oxygen concentration gradients in a 90 m3 yeast fermentation [94] and glucose concentration 

gradients for a 22 m3 E. coli fermentation [116].  

For fixed-volume processes (batch processes), CFD or CM models combined with kinetic 

models provide spatio-temporal information of the impact of gradients on the process, 

whereas for variable-volume processes (fed-batch), these models only show a snapshot of 

the process at a certain volume, feed rate and biomass concentration. Accordingly, in fed-

batch cases, growth is normally neglected since it is considered too slow over a time scale of 

A B



28 

 

a few seconds or minutes covered by the simulation [86]. However, the volume change 

influence on mixing was neglected in a CFD simulation of the fed-batch fermentation of P. 

chrysogenum and the process was dynamically modelled for 60 hours [19]. Nevertheless, due 

to the large computational demand and the type of expertise that these simulations require, 

in fed-batch processes it is still a challenge to make complete spatio-temporal evaluations of 

the impact of gradients on microbial physiology. 

Microbial kinetic models 

Microbial kinetic models (KM) are biological first-principle models that describe bacterial 

growth, consumption of substrates and formation of products for a single or multiple microbial 

strains. A few examples of kinetic models for relevant industrial microorganisms in the 

literature are summarised in Table 2.3.  

Table 2.3. References to kinetic models in the literature for relevant industrial microorganisms 
and modelled concentrations that they describe. 

Microorganism Type of model Modelled concentration Ref 

Aspergillus oryzae 
Unsegregated 
unstructured 

Carbon dioxide, dissolved oxygen, enzyme, 
substrate 

[7] 

Bacillus 
licheniformis 

Unsegregated 
unstructured 

Acetate, biomass, dissolved oxygen glucose Chapter 3 

Corynebacterium 
glutamicum 

Unsegregated 
unstructured 

Biomass, glucose, glutamic acid [120] 

Escherichia coli 

Unsegregated 
unstructured 

Acetate, biomass, glucose, dissolved oxygen [63], [121] 

Segregated 
structured 

Acetate, ATP, different biomass populations 
depending on growth capabilities, dissolved 

oxygen, glucose 
[122] 

Maanheimia 
succiniciproducens 

Unsegregated 
unstructured 

Acetic acid, biomass, formic acid, glucose, 
lactic acid, succinic acid 

[123] 

Penicillium 
chrysogenum 

Unsegregated 
unstructured 

Biomass, glucose, penicillin [9] 

Unsegregated 
structured 

Amino acids, ATP, biomass, carbon dioxide in 
gas and liquid phases, glucose, glycolytic 
intermediates, oxygen in gas and liquid 

phases, penicillin, phenylacetic acid, stored 
carbohydrates 

[124] 

Saccharomyces 
cerevisiae 

Unsegregated 
unstructured 

Biomass, ethanol, glucose, oxygen [64] 

Streptococcus 
thermophilus 

Unsegregated 
unstructured 

Biomass, galactose, lactic acid, lactose [125] 

Streptomyces 
coelicolor 

Unsegregated 
unstructured 

Ammonia, antibiotics (actinorhodin and 
undecylprodigiosin), biomass, carbon dioxide, 

glucose, hydrogen ion, oxygen, phosphate 
[126] 

Trichoderma 
reesei 

Unsegregated 
unstructured 

Carbon dioxide, dissolved oxygen, enzyme, 
substrate 

[8] 
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KMs may need to be complemented with physical or chemical equations to account for 

process-related phenomena, such as the calculation of the oxygen transfer rate (OTR) to 

complete the mass balance for dissolved oxygen in aerobic fermentation processes or of pH 

for pH-dependent microorganism kinetics [125]. Subsequently, KMs and physicochemical 

models are implemented as a set of ordinary differential equations (ODEs) to describe the 

change of the state variables (masses or concentrations of biomass, substrates and products) 

over time and computationally solved using numerical methods. When combined with fluid 

dynamics models (i.e. CFD or CM), microbial kinetic models can provide valuable spatial 

information of the process, such as the magnitude and occurrence of gradients in fermentation 

processes and the implications of such gradients on cell performance.  

The complexity of KMs is variable and strongly depends on the end-application of the model 

[127]. First, KMs are classified by the degree of complexity of cell definition. On the one hand, 

unsegregated models [128] consider an average cell description, so the biomass balance is 

captured as a single state variable and the existence of different sub-populations is not taken 

into account. On the other hand, segregated models distinguish distributed properties in each 

cell or in different sub-populations by using statistical methods [129].  

Subsequently, models can be divided by their level of mechanistic detail [127]. Unstructured 

models contemplate cells as a black box by modelling input (substrate) and output (product) 

kinetics without accounting for intracellular metabolic processes. For a more comprehensive 

description of metabolism, structured models include knowledge of the intracellular metabolic 

pathways the cells can utilise and their kinetics. 

Population balance models (PBMs) are segregated models that predict temporal variations of 

the cell number distribution. These variations are characterised by a descriptor variable such 

as the cell age, mass or distribution of intracellular metabolites [55]. The population balance 

equation (PBE) is the core of PBMs and describes the variation of the cell number in microbial 

populations owing to the influence of various cellular processes such as cell division 

probability and rate, separation of cell content upon division, stage transitions and kinetics 

[130]. As an example, for the study of glucose and dissolved oxygen concentrations gradients, 

a PBM combined with a metabolic model describing E. coli growth, glucose and oxygen 

uptake and acetate cycling has been combined with CFD [27] and compartment models [116] 

for large-scale stirred bioreactors. 

Unsegregated unstructured models have been widely used because they are the easiest to 

develop in terms of both experimental and modelling requirements [127]. Furthermore, 

unsegregated unstructured models are preferred to be combined with CFD models rather than 
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more complex kinetic models since their computational burden is not as high. Nevertheless, 

if simpler KMs do not capture the required degree of detail, the use of more complex models 

than unsegregated and unstructured model types is needed. This may be required when 

attempting to simulate rapid fluctuations of substrate concentrations with KMs developed to 

describe the behaviour of the fermentation variables at a time scale of days. Alternatively, if 

fluid dynamic models with accompanying low computational burden (i.e. compartment 

models) can be utilised, the use of more complex kinetic models than the unsegregated and 

unstructured type is encouraged, since a more complete description of the microbial response 

to varying environmental conditions can be achieved with the more complex model. 

Finally, an essential modelling discussion point when combining fluid dynamics models with 

KMs is the accountability of the history of environmental fluctuations on cell behaviour. The 

numerous physiological responses to varying environmental conditions that dictate cell 

behaviour have been previously underlined (section 2.2), with emphasis on their different time 

scales (from milliseconds to days). Nevertheless, the state-of-the-art microbial models do not 

normally take the influence of the multiple cell events that can intrinsically change cell 

behaviour into account. This issue has been tackled with the use of Euler-Lagrange CFD 

approaches that model the Lagrangian trajectories of cells in the fermentation broth and that 

can be used to estimate the frequency and magnitude of environmental oscillations that cell 

experience [28], [113], [114] and/or with the fluid dynamics model combined with PBM 

previously mentioned [27], [116]. The combination of PBM with CFD and particle tracking 

approaches looks promising to include the effect of culture history in gradient modelling. The 

bottleneck of their combination is still the large computational cost of both approaches, which 

is expected to be greatly alleviated with the development of more representative 

computationally inexpensive methods to describe fluid dynamics (i.e. compartment models 

representative of large-scale behaviour). 

Still, there is much uncertainty regarding the actual computational needs that both fluid 

dynamics and kinetic models require. When deciding the modelling approaches, it is first 

needed to select whether the system requires of a CFD model or whether it can be simplified 

to a CM. If a CFD model is required, the choice of using an Euler-Euler or an Euler-Lagrange 

approach also needs to be done. Once the fluid dynamic model is selected, the complexity of 

the kinetic model needs to be decided. Simpler models are preferred, especially in a CFD 

setup, but need to be also representative. The most optimal combination of approaches is not 

known yet owing to two reasons. On the one hand, there is not a universal approach that has 

been computationally tested in all scenarios and presented closer results to large-scale 
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experimental data. On the other hand, the few cases that have been tested comparing 

different modelling approaches with large-scale experimental data have shown that the 

optimal combination of modelling techniques may be strain-dependent. For example, it was 

found that for Streptococcus thermophilus an unsegregated unstructured kinetic model 

provided good results both in Euler-Euler CFD simulations [20] and CMs, with volumes and 

flows between compartments defined both semi-empirically [34] and automatically [94]. In 

contrast, for P. chrysogenum Euler-Lagrange CFD simulations, an unsegregated unstructured 

model showed a poorer prediction of the yield than an unsegregated structured model [19]. In 

conclusion, the complexity of the modelling techniques will depend on the microorganism and 

bioreactor used. Nevertheless, a clear outlook of the modelling needs for each combination 

cannot be done yet with the current published data, especially due to the lack of data showing 

large-scale validation. 

2.4.2. Measuring gradients in industrial scale 

The direct measurement of gradients in pilot and especially in production scale fermentation 

processes is pursued since it is the only manner to get verified knowledge of the magnitude 

of gradients on fermentation processes. Measuring gradients allows the validation of both 

modelling and mimicking approaches for their investigation. Furthermore, it can help at 

identifying limitations of both computational and experimental tools for their further 

improvement. Once validated, computational and scale-down techniques can be utilised with 

a solid knowledge of their uncertainty levels. 

Despite their high value for everybody that is actively working in this field of research, gradient 

measurements are scarce. The first reason is the lack of available industrial equipment for 

research purposes. Even though pilot facilities might be accessible, gradients are not 

expected in such systems unless they are caused by operating at suboptimal settings. 

Furthermore, pilot data do not supply information about the real incidence of gradient in 

industry or about the potential issues that they cause at the real production scale. Thus, 

measurement of gradients in large-scale fermenters is the most interesting case for research 

and also the most difficult to achieve. 

The traditional method for the measurement of gradients in large-scale consists of the 

placement of multiple on-line probes and/or of sampling from several ports at different heights 

of the fermenter. Relevant examples in the literature include some already discussed 

measurements of glucose [16], [17], [21] and dissolved oxygen concentrations [45]–[47], 

[117], and of pH [20]. Two main limitations arise from this technique. First, its use is limited to 
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adapted equipment for monitoring and sampling at multiple points, so there is little flexibility 

to assess the impact of gradients in most large-scale bioreactors. If tanks need to be adapted, 

a substantial adaptation cost needs to be taken into account. Subsequently, this technique 

carries a low resolution in the measurement of gradients, since it is not possible to cover the 

entire volume of an industrial reactor with a few data points (3-10) close to the wall.  

In order to increase the resolution of gradient measurements to the complete operating 

volume and, more importantly, to make available gradient measurements to all non-adapted 

fermentation facilities, the development of free-floating sensor particles is gaining interest. 

Free-floating sensor particles are small spherical devices ranging from a few millimeters to 

centimeters in size which contain one or multiple sensors that can monitor, process and on-

line transmit or store data of relevant cultivation variables (Figure 2.5). The precursors of free-

floating sensor particles are traditional flow followers [131], which are traceable particles 

utilised to assess the flow pattern and/or to calculate the circulation time in both stirred and 

non-stirred mixing vessels [132]–[137]. The addition of sensors and improvement of 

positioning techniques make free-floating sensor particles very attractive since they can 

provide spatiotemporal data of the fermentation process. The challenges of their development 

are the miniaturisation and successful inclusion of sensors, low power consumption or self-

powering implementation, hermetical sealing, capability to be sterilised inside the fermenter, 

easy recovery, wireless communication in a hostile medium for real-time monitoring, 

buoyancy neutrality and positioning [138]–[143]. A promising future for the measurement of 

gradients in large-scale is foreseen, and it is already becoming a reality by start-up companies 

which offer the spatiotemporal assessment of macro-mixing, pressure, temperature, pH and 

DO measurements (http://freesense.dk/).  

 

Figure 2.5. Free-floating sensor particle. Retrieved from http://freesense.dk. 

http://freesense.dk/
http://freesense.dk/
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Compared to gradient modelling, measurement of gradients looks like the most attractive 

approach, since it really determines the realistic occurrence and magnitude of gradients. 

Nevertheless, measuring gradients does not give an idea of their impact on microbial 

physiology and process performance unless these measurements are combined with 

microbial kinetic models. On the one hand, the output data that can be obtained from the 

measurements describe the mixing performance of the vessel, and can be used to build 

empirical CMs. These can be further combined with kinetic models to assess the mechanistic 

impact of gradients on physiology. On the other hand, a measured detailed map of some 

kinetic model state variables can be captured. This can be used as a kinetic model input to 

quantify the effect of the distributions in cultivation variables on gradients. As with fluid 

dynamics modelling, if free-floating sensor particles are used for the determination of relevant 

mixing variables (e.g. circulation time, residence time distribution), it will be the quality of the 

kinetic model that will determine the extent of the impact of gradients on microbial physiology 

and process performance. 

2.4.3. Mimicking gradients with scale-down experiments 

Scale-down experiments aim at mimicking the large-scale fermentation environment at a 

smaller scale, so its effects on cell metabolism can be experimentally tested and analysed 

[59]. Scale-down experiments have already been reviewed [144]. In this section, they are 

summarised and their main design and operation challenges are discussed. 

Scale-down experiments are distinguished mainly in two categories: pulse-feeding and multi-

compartment simulators [144] (Figure 2.6). On the one hand, pulse-feeding simulators [145], 

[146] usually consist of a single lab-scale fermenter into which pulses of a variable of interest 

(e.g. carbon source, pH controlling agent) are applied at such frequency and magnitude that 

the simulator is supposed to mimic the oscillations that the cells experience at the large scale 

when travelling in and out from the feeding region. On the other hand, multi-compartment 

simulators [81], [147]–[149] consist of two or more connected reactors operated at different 

conditions but with a combined overall performance aiming to represent large-scale operation 

in terms of mixing performance and/or distribution of values of the studied gradient (e.g. 

substrate concentration, pH, etc.). Typical configurations of multi-compartment simulators 

consist of a plug flow reactor connected to a stirred tank reactor (PFR-STR) or two or more 

stirred tank reactors in series (STR-STR). For the study of glucose concentration gradients in 

PFR-STR systems, the PFR represents the feed zone of the reactor where accumulation of 

glucose may take place, while the STR resembles the well-mixed glucose non-limiting nor 
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exceeding zone. This is similar with several STRs in series, where each of them aims at 

resembling a zone of the reactor with different operational settings. The idea of having several 

STRs in series is the experimental equivalent of the compartment models previously 

discussed. Thus, if both tools are available, it is recommended to adequately design and verify 

the satisfactory performance of both techniques by designing the multi-compartment 

experiments based on the CM data and validate the CM accordingly [94].  

 

Figure 2.6. Schematic of a traditional multi-compartment (A: PFR-STR, B: 3 STR) and C: pulse-
feed scale-down simulators to study glucose concentration gradients in aerobic fed-batch 
fermentation processes. Adapted from [144]. 

For the comprehensive characterisation of the physiological response of cells to fluctuating 

conditions, the performance of scale-down experiments is normally complemented with 

single-cell heterogeneity and/or bioinformatics (i.e. collection and use of -omics data) analysis. 

On the one hand, single-cell heterogeneity analysis techniques allow the identification and 

quantification of phenotypic variability by measuring different cell descriptor variables in the 

culture [150]. Relevant examples in the literature involving aerobic yeast fermentation 

processes are the use of microscopic techniques coupled to image analysis algorithms to 

monitor variations in the budding index [151] or of flow cytometry combined with dual staining 

to evaluate the integrity of the cell membrane and cell viability [80]. On the other hand, the 

use of -omics tools allows the genotypic characterisation of strains (genomics), the 

determination of differential expression levels of genes due to environmental fluctuations 

(transcriptomics) and their translation into proteins (proteomics), and the varying metabolic 

pathways the cells utilise (metabolomics), amongst others. For the study of gradients, 

these -omics tools have already been used to understand and draw the physiological 

response of several microorganisms to non-homogeneous fermentation environments [152], 

[153]. 
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Although scale-down has been greatly used for the study of gradients in many systems 

(Table 2.6), there are many design and operational limitations that have not been discussed 

in detail. Many of the scale-down studies (Table 2.6) are not accompanied by large-scale data 

of gradient measurements and/or computational simulations to validate their operation. With 

the following discussion, a critical review on scale-down experiments is provided. 

Although scale-down experiments have been demonstrated to be useful for metabolic 

analysis under fluctuating conditions [144], there is not a well-established approach that 

allows the direct scale-down of large-scale fermentation processes. Many of these 

experiments have been designed based on rules of thumb and educated guesses [154], for 

instance by setting the re-circulation rate between scale-down reactor at the same value as 

the mixing time [155]. Nevertheless, there is no clear evidence that guarantees the same 

impact on cell physiology in the scale-down system as in large scale. Haringa et. al [19], [29], 

[86] have contributed to fill this void by designing scale-down experiments based on Euler-

Lagrange CFD simulations combined with microbial kinetic models. Haringa et al. followed a 

metabolic regime analysis approach for down-scaling by assessing the Lagrangian 

trajectories of cells, the per-regime residence time distributions and the substrate uptake 

dynamics when substrate limitation takes place [29]. These methodologies have led to the 

successful design of a three-compartment and a pulse-feed scale-down simulators [86] for 

the 22 m3 S. cerevisiae fermentation process mentioned earlier [21] and to a pulse-feed scale-

down simulator for a 54 m3 P. chrysogenum fermentation process [19]. On the other hand, 

Tajsoleiman [94] took an automatic CFD/CM-based approach to distinguish different zones 

experiencing various metabolic regimes in 90 m3 S. cerevisiae fermentation processes with 

varying glucose feed rate levels and calculated the compartment volumes and flows 

accordingly for the design of several multi-compartment scale-down simulators. Even though 

both computational works have shown encouraging results to yield rational designs of scale-

down experiments, experimental validation of the systematic design approaches and of scale-

down performance by comparing with large-scale operation is still required. Moreover, in order 

to ensure industrial accessibility, these complex CFD-based tools for scale-down design need 

to be simplified. Even though the design challenge may be overcome, for instance with the 

use of CFD modelling to define flows and volumes between reactors in multi-compartment 

scale-down systems that can resemble the mixing phenomena in large scale, consequent 

operational challenges arise.  
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First, in fed-batch fermentation processes, the volume ratio between scale-down reactors 

may change over time. In addition, even some zones may appear and/or disappear during the 

process. Taking into account and representing all significant zones may be very challenging. 

On a practical perspective, many reactors may need to be emptied and filled very rapidly and 

difficult operational conditions will then arise, for instance involving reactors with very low filling 

volume.  

Secondly, when working with multi-compartment reactor systems, ideal mixing is required in 

each single compartment. This requirement may involve the need of very high agitation 

speed levels and can compromise other important operational parameters such as the shear 

rate and the oxygen transfer rate. If agitation speed is then lowered to match the shear rate 

or the OTR level, mixing may become limiting, meaning that laminar or transitional rather than 

fully turbulent flows may develop [102].  

When working with filamentous fungi, it is very complicated to reach industrially relevant tip 

speed values in lab scale reactors due to equipment constraints. Tip speed affects the shear 

rate, causing changes in the rheology and morphology [156]. Furthermore, the formation of 

biofilms is more significant at the small scale because of the increased area to volume ratio. 

Other functional aspects to consider are the increased risk of vortex formation due to 

increased agitation speeds, the differences in volume dynamics (e.g. different evaporation 

rates) and the differences in hardware which might generate new constraints such as the 

need to add more diluted glucose feed because of constraints in the pumping system. Tubing 

between the reactors may also affect process performance significantly, seeing that no dead 

volume occurs between the different zones in large-scale operation. Besides, when working 

with high cell densities (as many industrial fermentation processes do), there are high chances 

that biomass gets obstructed in the tubing system. Thus, establishing stable re-circulation 

flows can be an important limitation of scale-down systems.  

Thirdly, many studies only focus on a single type of gradient (Table 2.6). This may facilitate 

the operation and control of the scale-down system, but it can also compromise the results, 

since a multivariate approach is not taken into account. This observation can be applied to 

gradients that are known to be connected (e.g. glucose and DO concentration), but also to 

others that are not known yet that may influence the type of gradient the study has been 

focused on. It is then very difficult to guarantee that the result of the experiment is not biased 

by the simplified experimental approach of the study. 
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Subsequently, control of scale-down systems is also a challenging topic. Advanced process 

control systems are required to deal with multiple reactors interconnected and requiring 

control in unusual cultivation conditions. As an example, in many industrial aerobic fed-batch 

operation processes, the feed rate is controlled by the dissolved oxygen concentration [157] 

to ensure that the process receives the maximum amount of substrate without suffering from 

oxygen limitation. Nevertheless, when performing scale-down experiments that require of 

excess sugar in several zones, the control variable may be required to be changed, for 

instance, by real-time glucose measurements or indirect calculations involving off-gas 

analysis. Many of these systems are not normally implemented in research facilities due to 

their cost and/or lack of expertise, so process control in scale-down experiments may then be 

compromised. 

Finally, data analysis challenges also arise with the performance of scale-down experiments 

for the objective validation of a scale-down model. There is no standard approach for the 

analysis of the fermentation process data, so that it can be compared to large scale in an 

unbiased manner. Does the system need to resemble the large-scale operation in a time 

average manner or just lead to the end point result? Which are the process parameters that 

need to be checked so there is undeniable validation of an adequate representation of large 

scale? Although the most straightforward process metrics are the productivity and the yield 

coefficient, the biomass concentration and the quality of the broth (i.e. presence of cell debris, 

by-products) need to be taken into account to assess how the representation of the large scale 

process would influence the downstream processing and the product quality.  

All the challenges presented here show the large number of assumptions and practical 

compromises involving scale-down experiments. Furthermore, these challenges also question 

the actual usefulness and success of scale-down experiments when they are aimed at 

resembling large-scale operation rather than studying the effect of fluctuations on microbial 

physiology. 

The design challenge has been shown to be potentially overcome with the use of CFD 

simulations. Nevertheless, seeing the complex design involving multiple reactor systems with 

varying volume dynamics and operational settings, the question is whether these scale-down 

experiments actually contribute to resemble large-scale operation. From a biological 

perspective, they are interesting to investigate physiological and -omics variables at the 

different zones of the reactor. Nevertheless, if scale-down experiments do not have the 

guarantee to fully represent large-scale operation, the numerical modelling results combining 
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fluid dynamics and microbial kinetics provide a less compromised view of the impact of 

gradients on physiology. 

In conclusion, although scale-down simulators have been extensively used, considerable 

challenges regarding their design and physical capacities still need to be tackled. It will only 

be then when scale-down experiments that really resemble large-scale operation can properly 

be designed and realistic experimental evaluations of the impact of gradients in large-scale 

on physiology can be performed. Computational tools such as CFD and compartmental 

modelling combined with microbial kinetic models will be needed both for the design of realistic 

scale-down setups and of equipment that can reproduce the physical, chemical and biological 

environment of industrial operation. Nevertheless, it is also necessary to question the value 

of these scale-down experiments, since solely with computational tools and large scale 

measurements a complete assessment of the impact of physiology in fermentation processes 

can already be performed.  

2.4.4. Tools to investigate gradients: outlook 

The advantages and limitations of the current tools available to investigate gradients are 

summarised in Table 2.4. In general, there are four main aspects to be considered for the 

complete comparison between the main approaches utilised to investigate gradients in 

fermentation processes: the resources needed, the output type and value, the data reliability 

and the intrinsic constraints of each method.  

Direct measurement techniques are amongst the costliest approaches, if modifications in 

large-scale tanks are required. This is overcome with the use of non-invasive free-floating 

sensor particles that can be added prior to sterilisation and collect data easily, although data 

processing might not be straightforward and may require specific expertise. Furthermore, 

measurement data are very valuable since they allow the direct assessment of the 

fermentation environment and provide validation data for all the other approaches. On the 

other hand, computational approaches are said to be rather inexpensive, since only the 

software licensing (10,800 – 54,000 €/year) and the usage cost of HPC facilities (5,400 – 

10,800 €/year) are normally taken into account [107]. The latter has the lowest cost due to the 

continuous expansion of HPC facilities, which has greatly decreased their usage fee. 

Nevertheless, it is a daring statement to claim that CFD work only requires licensing and HPC 

access because the actual cost of expert knowledge or training in CFD modelling is not 

considered. The reality is that even with very user-friendly software interfaces, incorrect 

results will arise from CFD simulations done without the required expertise, whose cost will 
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also increase considering the long solving time CFD simulations may take. Thus, the main 

cost of investing in CFD work lies in acquiring the indispensable expert knowledge. This is 

one of the reasons why the use of computationally-simpler approaches like compartment 

models is considered. Their development may require CFD expertise or free-floating sensor 

particle post-processing skills, meaning that the drawbacks of CFD and free-floating sensor 

particles may need to be taken into account when considering to work with compartment 

models. Once built, compartment models are powerful platforms to test distinct scenarios and 

kinetic models quickly and easily solely with standard coding expertise.  

All computational approaches need to take into account the cost of the development and 

validation of kinetic models able to simulate the microorganism’s behaviour under different 

environments and the distinct metabolic activities that can take place. Up to now, the physical 

characterisation of bioreactors utilising CFD in terms of mixing performance and mass transfer 

has been successfully achieved for a variety of reactor types [24], [25]. When working with a 

new case study, there are many technical aspects to be tackled, but with the adequate 

selection of fluid flow models and systematic debugging, CFD models for standard mixing 

vessels are likely not to present very complex challenges. On the other hand, the construction 

of kinetic models to be combined with fluid dynamics is not as straightforward. In fermentation 

technology, the majority of microbial kinetic models developed and used are unstructured and 

unsegregated [55]. They are easier to mathematically define and experimentally calibrate and 

validate since they only model the inputs and outputs of cells as a black box [127]. Such 

models have successfully described the behaviour of microorganisms in ideally mixed 

systems and/or when assessing the behaviour of the microorganism over the complete 

fermentation process at growth, substrate uptake and production rate levels that do not suffer 

considerably large fluctuations [7], [8], [158]. Additional considerations may be required when 

modelling shorter time scales and fast environmental variations, in order to account for the 

microbial responses to the fluctuations [124]. However, there is a lack of knowledge regarding 

the need or not of more segregated structured kinetic models due to the shortage of large-

scale measurements of gradients combined with modelling work. Therefore, even though 

reliable CFD and/or compartment models can be developed, the inadequate description of 

microbial physiology due to the absence of information regarding the required descriptive 

detailed of intracellular processes may lead to faulty results.  

In conclusion, an iterative approach where CFD, CMs and free-floating sensor data of macro-

mixing and relevant cultivation variables are combined with KMs is needed for the mechanistic 

assessment of gradients in large-scale fermentation processes. The methodology should 
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firstly build plausible hypotheses through modelling. Subsequently, large scale measurements 

should be used to validate and refine the models. This is the only manner to perform complete 

informed investigations of the actual impact of gradients on fermentation processes and to 

facilitate the identification of operational conditions that enhance gradient development. 

Finally, modelling approaches should be used to test a variety of scenarios and define the 

operational window that prevents the development of significant gradients.  
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Table 2.4. Summary of the advantages and limitations of the state-of-the-art tools to investigate 
gradients in large scale fermentation processes. 

Tool Advantages Limitations 

Modelling 

Computational 
Fluid 
Dynamics 
models with 
kinetics 
(CFD/KM) 

- High level of detail in results. 

- Direct quantification of the impact of 
gradients on fermentation processes; it 
provides mechanistic knowledge. 

- Can be used to develop and evaluate 
new designs or operating conditions. 

- Can study setups with challenging 
access and/or off-limits operational 
settings. 

- Expert knowledge/training required.  

- Only accounts for fixed-volume 
processes (batch or snapshots of fed-
batch processes).  

- Long simulation times due to high 
computational cost; may need the use 
of HPC hardware. 

- Accurate model predictions rely on 
having accurate models of multi-phase 
physical phenomena and biological 
kinetics. 

Compartment 
models with 
kinetics 
(CM/KM) 

- Fast and flexible simulation with low 
computational cost. 

- Direct quantification of the impact of 
gradients on fermentation processes; it 
provides mechanistic knowledge. 

- Can study setups with challenging 
access and/or off-limits operational 
settings. 

- Can be used to develop and evaluate 
new designs or operating conditions. 

 

 

- Need to provide accurate models of 
microbial kinetics. 

- May require the partial use of 
modelling (CFD) or measuring (sensor 
particles) of macro-mixing for their 
construction, i.e. expert knowledge may 
be needed. 

Mimicking 

Scale-down 
experiments 

- Microbial physiology can be directly 
assessed if off-line samples are taken 
(-omics studies, cell population 
heterogeneity). 

- Design is not systematic and may not 
represent large-scale operation. 

- May not be able to reach comparable 
oxygen transfer rates, rheology and 
other physicochemical variables as in 
large-scale. 

Measuring 

Multiple point 
measurements 

- Real knowledge of the process. 

- Validation of modelling and mimicking 
approaches. 

- Microbial physiology can be directly 
assessed if off-line samples are taken 
(-omics studies, cell population 
heterogeneity). 

- Cost and complexity involved in the 
installation of instrumentation in 
industrial facilities.  

- Low spatial resolution (generally < 10 
measurements located near the walls). 

Free-floating 
sensor 
particles 

- Real knowledge of the process. 

- Validation of modelling and mimicking 
approaches. 

- Non-invasive. 

- Only for on-line measurements.  

- In development.  

- Expert knowledge necessary for data 
processing. 
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2.5. Current status of the investigation of gradients in 

fermentation processes 

The pioneer investigations involving glucose and dissolved oxygen concentration gradients 

that took place 20 years ago [16], [17], [52] triggered the interest in gradients by many 

companies and academics [87], [159]–[161]. From that time onwards, much research aimed 

at studying gradients of several cultivation conditions for many microbial strains, while 

developing and utilising the tools previously described. The recent advances of the study of 

gradients for many key industrial microorganisms are listed in Tables 2.5 and 2.6.  

The study of gradients has involved many workhorses besides the traditional industrial 

microorganisms E. coli and S. cerevisiae, examples being filamentous fungi, animal cells and 

many other relevant bacterial and yeast strains. The cultivation conditions studied have mainly 

been glucose and dissolved oxygen concentration, owing to the aerobic fed-batch operation 

of many industrial systems that may encounter mixing challenges affecting these variables. 

Fed-batch operation is hypothesised to potentially develop more gradients than other 

operational modes due to two main reasons. First, the distribution of concentrated substrate 

and air that is added continuously is not uniform in the fermenter, leading to intrinsic local 

variations in substrate and dissolved oxygen concentration. Secondly, aerobic fed-batch 

processes are normally operated with high cell density levels (≈100 kg m-3 [22]) to maximise 

the volumetric productivity. High cell densities are inversely correlated to the characteristic 

time of substrate consumption (Equation 2.7), enhancing mixing and mass transfer limitations 

at given glucose concentration and specific substrate uptake levels.  

Other cultivation gradients such as of pH, carbon dioxide concentration, ammonia and fluid 

dynamic stress have also been studied. The means used for such studies have mainly been 

the performance of scale-down experiments (Table 2.6) as well as a few computational (CFD 

or CM combined with KM) and large-scale experimental studies (Table 2.5). 
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Table 2.5. Summary of experimental and computational pilot- and production- scale investigations for the study of gradients of several 
industrially relevant microorganisms and cell lines. Unless indicated, the impeller type used was Rushton turbine disks. 

Microorganism 
or cell line and 

parameter 
Approach Operational settings Results Refs 

Clostridium 
ljungdahlii 

 

Substrate (CO) 
concentration 

CFD/KM 
(Euler-Euler 

for fluids, 
Euler-

Lagrange for 
cells) 

BC; 𝑉𝑇 = 125 m3; 𝜏𝑚 = 27.3 ± 4.3 s; 

𝑈𝑠𝑔 = 0.0625 m s-1 (55% v/v CO); 𝛼𝐺 = 0.2–

0.34; 𝑘𝐿𝑎 = 40 h-1; fluid properties of water; 

𝑋 = 10 kg m-3. 

𝑆𝑙𝑖𝑚 = 8.4×10-5 kg m-3; 𝑞𝑆/𝑞𝑆,𝑚𝑎𝑥 = 49%; 97% 

cells experience 𝑆 < 𝑆𝑙𝑖𝑚; 84% of the cells are 
likely to undergo transcriptional challenges 

after exposure of >70 s to the high substrate 
concentration stress-inducing zone. 

[115] 

CHO cells 
 

DO 
concentration 

Single point 
measurements 
at large scale 

STR; 𝑉𝐿 = 3-5 m3; 𝜏𝑚  > 100 s; aerobic fed-

batch; 𝑋 = 0.8 – 8 · 106 cell mL-1. 

Compared with a 20 L ideally mixed 
fermenter, hypoxia was detected in large 

scale, which led to the production of reactive 
oxygen species (ROS). By doubling the 

copper concentration in the medium at large 
scale, cell viability was also doubled, still not 
reaching the lab scale level. A 20 L reactor 

did not suffer hypoxia, therefore medium with 
increased copper did not change significantly 
the cultivation evolution. Transcriptomic and 
proteomic studies were performed to identify 

hypoxia. 

[15] 

Escherichia coli 

 

Substrate 
(glucose) 

concentration 

CFD/KM 
(Euler-Euler) 

STR; 0.07 and 70 m3; 1 impeller; 𝜏𝑚= 5 and 

24 s; 𝑈𝑠𝑔= 0.005 m s-1; 𝑃𝑖/𝑉𝐿 = 1.8 kW m-3; 

𝛼𝐺 = 0.05; 𝑘𝐿𝑎 = 500 h-1; 𝐹𝑆 = 0.319 and 
355/318.9 kg h-1 in top/bottom feed positions 
(value for µ𝑠𝑒𝑡 = 0.5µ𝑆,𝑚𝑎𝑥); fluid properties of 

water; aerobic fed-batch; 𝑋 = 10 kg m-3. 

𝜏𝑆𝐶 = 15 s; The physiological state of the cell 
population depends on the characteristic time 
of biological adaptation (𝑇𝑎). The population 
specific growth rate strongly depends on the 
volume average concentration of the reactor 

(𝑇𝑎  >>  𝑡𝐶). On the other hand, the 
population specific uptake rate depends on 

the local concentration of glucose (𝑇𝑎  ≈  𝑡𝐶). 

[27] 

CM/KM 

STR; reactor from [21]: 𝑉𝐿 = 22 m3; 

4 impellers; 𝜏𝑚 = 250 s; 𝑈𝑠𝑔 = 0.04 m s-1; 

𝑃𝑖/𝑉𝐿 = 0.18 kW m-3; 𝛼𝐺 = 0.08; batch and 
fed-batch; 𝑋 = 0.1 – 40 kg m-3. 

Acetate formation and re-assimilation;  
𝜏𝑆𝐶 < 𝜏𝑚 83% of the time of the fermentation. 

[116] 

 Same process as in previous row. 
12% reduced biomass yield, formation of 

acetate (up to 300 mg L-1) and formate (up to 
50 mg L-1). 

[18] 
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Microorganism 
or cell line and 

parameter 
Approach Operational settings Results Refs 

Multiple-point 
measurements 

STR; 𝑉𝐿 = 8-9 m3; 3 impellers; 𝐹𝑔 = 0.25 – 

0.75 vvm; 4 substrate feed phases: lag, 
exponential (µ𝑠𝑒𝑡 = 0.3 h-1); 𝑋𝑚𝑎𝑥  = 30 kg m-3. 

𝜇 = 0 – 0.35 h-1; 𝑞𝑆 = 0.35 – 0.7 kg kg-1 h-1; 

20% lower 𝑌𝑋𝑆 compared with bench scale; 
acetate formation; product formation rate 

unaffected by change in scale. 

[16] 

STR; 𝑉𝐿 = 22 m3; 4 impellers; 𝜏𝑚 = 60 – 120 s; 

𝐹𝑆 initially exponential to keep µ𝑠𝑒𝑡 = 0.3 h-1 
and subsequently constant; aerobic fed-batch; 

𝑋𝑚𝑎𝑥 = 35 – 40 kg m-3. 

Formate accumulation pointed out the 
development of oxygen limitation zones; 

reduced 𝑌𝑋𝑆 due to repeated 
assimilation/production of acetate from 
overflow and mixed acid fermentation; 

concentration of mRNA of four stress induced 
genes was lowest at the sampling port most 
distant from the feed zone; flow cytometry 

analysis revealed reduced cytoplasmic 
membrane potential and integrity damage in 

large scale compared with lab scale. 

[17] 

Pencillium 
chrysogenum 

 

Substrate 

(glucose) 
concentration 

CFD/KM 
(Euler-Euler 

for fluids, 
Euler- 

Lagrange for 
cells) and 

single point 
measurements 
at large scale 

STR; 𝑉𝑇 = 54 m3; 2 impellers; 𝜏𝑚 = 72.8 s; 

aeration neglected; 𝑃𝑖/𝑉𝐿 = 3 kW m-3. Case 
studies: A) CFD snapshot. 𝐹𝑆 = 240 kg h-1. 

𝑋 = 55 kg m-3. B) Dynamic CFD without 

volume addition for 60 h. 𝐹𝑆 = 54 – 
94.5 kg h-1; fluid properties of water; 𝑋 = 15 – 

40 kg m-3. 

𝑞𝑆,𝑐𝑟𝑖𝑡 = 0.95𝑞𝑆,𝑚𝑎𝑥; 𝑞𝑆,𝑙𝑖𝑚  = 0.05𝑞𝑆,𝑚𝑎𝑥; 

𝑞𝑆𝑚𝑎𝑥  = 0.20-0.29 kg kg-1 h-1. 57% of cells 

undergo starvation (𝑞𝑆 < 𝑞𝑆,𝑙𝑖𝑚) and 7% 

experience exceeding glucose concentration 
(𝑞𝑆 > 𝑞𝑆,𝑙𝑖𝑚). Yield loss of 18-45% which can 

be reduced 9% by changing the feed rate 
location. Good fit with experimental data. 

Simulations with different settings have also 
been performed [19]. Most relevant findings 

and corresponding settings have been 
summarised. 

A: 
[29] 

B: 
[19] 

Pseudomonas 
putida 

 

Substrate 
(glucose) 

concentration 

CFD/KM 
(Euler-Euler 

for fluids, 
Euler-

Lagrange for 
cells) 

STR; 𝑉𝑇 = 54 m3; 2 impellers; 

𝜏𝑚 = 27.3 ± 4.3 s; aeration neglected;  
𝑃𝑖/𝑉𝐿 = 4.2 kW m-3; 𝐹𝑆= 400 kg h-1 

(corresponding to 𝑞𝑆,𝑚𝑎𝑥/2); fluid properties of 

water; 𝑋 = 10 kg m-3. 

𝑞𝑆,𝑚𝑎𝑥= 1.476 kg kg-1 h-1; 72% of cells 

switched between standard and multifork 
(fast) DNA replication; 10% were likely to 

undergo massive transcriptional adaptations 
to starvation; 56% of cells replicated very fast 
with (µ ≥ 0.3 h-1). 52.9% of cells with higher 

ATP maintenance demands; 𝜇 did not present 
significant changes to ideal mixing. 

[113] 
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Microorganism 
or cell line and 

parameter 
Approach Operational settings Results Refs 

Saccharomyces 
cerevisiae 

 

Substrate 
(glucose) 

concentration 

Multiple-point 
measurements 

BC; 𝑉𝐿 = 120 m3; 𝑈𝑠𝑔 = 0.15 m s-1. 
Higher substrate (glucose and fructose) 

concentrations found closer to feed point. 
[82] 

STR; 𝑉𝐿 = 19.8 – 22.1 m3; 4 impellers; 
𝜏𝑚 = 147– 166 s; 𝑈𝑠𝑔 = 0.05 m s-1; 𝑃𝑖/𝑉𝐿 = 1.8 

– 2 kW m-3; 𝛼𝐺 = 0.17; 𝑘𝐿𝑎 = 180 h-1; 𝐹𝑆 = 7.5 
– 54 kg h-1 (𝜇𝑠𝑒𝑡 = 0.2 h-1) at top and bottom 

positions; aerobic fed-batch; 𝑋 = 0.15/0.18 – 
25/20 kg m-3. 

A substrate concentration peak from 
approximately 40 to 80 mg L-1 was observed, 

being 80 mg L-1 the maximum local 
concentration of glucose reported. The 

pattern of the fluctuations depended on the 
turbulence level at the location of the feed. 

[21] 

CFD/KM 
(Euler-Euler 
for fluids and 

Euler- 
Lagrange for 

cells) 

Same reactor and settings as in previous row. 
𝜏𝑚 = 183 s; 𝛼𝐺 = 0.18; 𝑘𝐿𝑎 = 144 h-1; 

𝐹𝑆 = 52 kg h-1; fluid properties of water; 
𝑋 = 10 kg m-3. 

𝑞𝑆,𝑐𝑟𝑖𝑡 = 0.2𝑞𝑆,𝑚𝑎𝑥; 𝑞𝑆,𝑙𝑖𝑚  = 0.05𝑞𝑆,𝑚𝑎𝑥; 

𝑞𝑆,𝑚𝑎𝑥 = 1.70 kg kg-1 h-1; 35% of cells undergo 

starvation (𝑞𝑆 < 𝑞𝑆,𝑙𝑖𝑚) and 24% experience 

exceeding glucose concentration (𝑞𝑆 > 𝑞𝑆,𝑐𝑟𝑖𝑡). 

[86] 

BC; 𝑉𝑇 = 0.24 m3; 𝑈𝑠𝑔= 0.16 m s-1; 𝛼𝐺  = 0.23; 

𝜏𝑚 = 15 – 20 s; 𝐹𝑆 = 3.96 kg h-1 at two 
locations: reactor top and below the sparger; 
fluid properties of water; aerobic fed-batch; 

𝑋 = 50 kg m-3. 

𝑞𝑆,𝑐𝑟𝑖𝑡  = 0.61 kg kg-1 h-1; 

𝑞𝑆,𝑚𝑖𝑛 = 0.03 kg kg-1 h-1; 13 and 12% reactor 

volume experiencing overflow for top and 
bottom feed positions; starvation not reported; 

𝑌𝑋𝑆
𝑜𝑏𝑠/𝑌𝑋𝑆

𝑡𝑟𝑢𝑒= 81-93% and 73-75% for top and 
bottom feed positions; substrate addition 

beneath sparger leads to a higher degree of 
heterogeneity (larger gradient and magnitude 

and frequency of oscillations between 
oxidation/overflow regimes). 

[28] 

Streptococcus 
thermophilus 

 

pH 

CFD/KM 
(Euler-Euler) 
and multiple-

point 
measurements 

STR; 𝑉𝑇 = 0.7 m3; 3 impellers; 𝜏𝑚 = 46 s; 

𝑃𝑖/𝑉𝐿 = 0.13 – 0.79 kW m-3; fluid properties of 
water; anaerobic batch; 𝑋𝑚𝑎𝑥 = 6 kg m-3. 

No significant pH gradients were found. 
[20], 
[34], 
[94] 

Trichoderma 
reesei 

 

DO 
concentration 

CFD/KM 
(Euler-Euler) 
and multiple-

point 
measurements 

STR; 𝑉𝑇 = 80 m3; 3 Impeller configurations: 
4 RTD; B) 1 RTD + 3 DP-PBT; C) 1 RTD + 3 

UP-A310; 𝜏𝑚,𝐴 = 191 s, 𝜏𝑚,𝐵 = 172 s, 

𝜏𝑚,𝐶 = 30.1 s; aeration accounted but rates 

are not specified; 𝑘𝐿𝑎 = 125 – 350 h-1; shear-
thinning viscosity, surface tension of water; 

aerobic fed-batch. 

𝑞𝑆,𝑚𝑎𝑥 = 0.18 kg kg-1 h-1; No significant DO 

concentration gradients were found. 
[117] 
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Table 2.6. Summary of the scale-down experiment setup and results reported in the literature 
for many industrially relevant microorganisms and cell lines. 

Microorganism 
or cell line 

Parameter Setup and results Refs 

Aspergillus niger 
Substrate 

conc. 

Pulse-feeding experiments. No influence on biomass or 
product levels. Up to 2-fold increase of organic acid by-

products excretion (oxalate, citrate and pyruvate) in 
comparison with glucose-limiting steady-state 

conditions. 

[145] 

Bacillus 
megaterium 

Substrate 
conc. 

Intermittent excess feed supply. 40% reduced 𝑌𝑃𝑆 via 
formation of acetate (overflow) and carbon dioxide. 

Caused by bottleneck at pyruvate level, which reduced 
the formation of the amino acids Trp, Asp, His, Gln and 
Lys and increased the level of Ala in comparison with a 
reference process. By supplementing deficient amino 

acids, 𝑌𝑃𝑆 level was recovered to 100%. 

[153] 

DO conc. 

Suboptimal DO-based substrate feed and two-
compartment STR-STR scale-down experiments led to 
decreased product formation in comparison with a fed-

batch fermentation process with optimal adjusted 
control (positive reference). 

[162] 

Bacillus subtilis 
Substrate 
and DO 
conc. 

Two-compartment PFR-STR scale-down experiment 
with feeding at the entrance of the PFR lead to 

decreased glucose uptake, increased ethanol formation 
and altered amino acid synthesis in comparison with 
feeding at the top of the STR (reference experiment 

under non-oscillating conditions). Carbon flux at excess 
glucose and low DO concentration triggers overflow 
metabolism. Consequently, the reduced carbon flux 
entering the TCA cycle does not support sufficient 

amino acid synthesis. 

[163] 

CHO cells 

Fluid 
dynamic 
stress 

Fed-batch bench scale culture with re-circulation loop to 
a microfluidic “torture” chamber where fluid dynamic 

stress is applied. At eddy dissipation rates significantly 
higher than typical commercial operations of 2.9×105 

and 1.9×103 W m-3, no significant effects on cell growth, 
viability and product quality were observed in 

comparison with duplicate control fermentation 
processes using standard conditions including low 
turbulent specific mean energy dissipation rates 

(𝜀𝑇 ≈ 20 W m-3). 

[164] 

pH 

With one-compartment batch fermentations with shifts 
to pH values of 9 and 7.9, it was reported that cells 
adapt faster to higher pH values. Two-compartment 

STR-STR experiments with pH = 9 in one zone lead to 
decreased growth in comparison with reference control 
cultures at constant extracellular pH = 7 performed with 

one STR, especially in the exponential phase. 
Consequently, lower viable cell number and product 

titer were achieved. 

[165] 

pCO2 

In high pCO2 batch and fed-batch fermentations, the 
lactate metabolic shift (from production to consumption) 
did not occur compared with lower pCO2 control values 

due to an imbalance in the production and re-
generation of NADH at high pCO2 levels. 

[166] 
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Microorganism 
or cell line 

Parameter Setup and results Refs 

Corynebacterium 
glutamicum 

Substrate 
and DO 
conc. 

Two-compartment STR-PFR and STR-STR batch 
experiments. Reduced growth rate, increased formation 

of by-products (L-lactate and L-glutamate) in 
comparison with one-reactor aerobic batch cultivations. 
𝑌𝑋𝑆 and 𝑌𝑃𝑆 remained constant. No clear differences 
between scale-down setups besides different side 

product formation profiles. 

[155] 

Two- and three- compartment STR-PFR and 2PFR-
STR fed-batch experiments. 2PFR-STR in comparison 

with STR-PFR has 2-fold production of lactate and 
succinate and of several amino acids (Gly, Thr, Glu and 

Gln). No pyruvate accumulation as in STR-PFR 
because of lactate production, enhanced by oxygen 
limitation. Compared with mixing one-compartment 

(STR) reference cultivation, higher polarizability of the 
cell membrane but not actual damage nor accelerated 

cell death and lower 𝑌𝑃𝑆 in both scale-down cases. 

[167] 

PFR-STR showed a higher turnover to side products 
and broth acidification in comparison with 

homogeneous STR cultivations without the PFR 
module. Lactate production due to oxygen limitation and 
re-assimilation. Besides that, no loss in process metrics 
in the oscillation minute range. A multi-omics study did 

not identify significant changes in response to PFR-STR 
operation. 

[168]
, 

[169] 

STR-STR cultivation with multi-omics analysis show 
that central metabolism is flexibly re-arranged via up- 
and down-regulation of genes. L-lactate formation and 
assimilation. Environmental changes had no effect on 

biomass and product formation in comparison with 
biological replicates in single STR acting as control. 

[170] 

Substrate 
(complex 
media) 

2PFR-STR fed-batch experiments with complex media 
based on sucrose, molasses and corn steep liquor were 

performed. Compared with one STR acting as 
reference, there was reduced volumetric product yield 

and accumulation of short fatty acids (L-lactate and 
acetate) and growth cessation and sucrose 

accumulation 10 h after the cultivation started. 𝑞𝑆 
reduced by 20%. No changes in cell vitality or lysis. 

[171] 

Substrate 
and DO 

conc. and 
pH 

PFR-STR experiments with residence time in the PFR 
(𝜏𝑃𝐹𝑅) of 1, 2 and 5 min lead to decreased product 

formation of 26, 49 and 59% compared with one STR 
acting as control fermentation process. When 

𝜏𝑃𝐹𝑅 = 5 min, CO2 productivity was 3.1 fold. Population 
of viable non-culturable cells increased with the 

magnitude of the gradient. 

[172] 

CO2/HCO3
- 

Cultivation in 3 STRs. No effect on growth and 
productivity in comparison with a reference single 

reactor process, 66 genes with differential expression 
showing fast transcriptomic response to fluctuations 

(after 3.6 min). 

[173] 
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Microorganism 
or cell line 

Parameter Setup and results Refs 

Escherichia coli 

Substrate 
conc. 

Pulse-feeding experiments did not lead to by-product 
formation. Within 30 s, the growth rate was increased 
by 3.7 fold. This did not lead to an increased level of 

amino acid formation. After 40-60 s, a new steady state 
was reached with higher metabolic fluxes and 

concentrations of metabolites. 

[174] 

PFR-STR experiment. Cells which entered oscillations 
from a lower specific growth rate were more sensitive to 

oscillations than cells subjected directly after a batch 
phase (high growth rate). 

[175] 

STR connected to a recycle loop where glucose is 
injected at the inlet. Cell membrane permeability and 

protein leakage were decreased in the STR with 
recycling in comparison to an ideally mixed STR. 

[176] 

Substrate 
and DO 
conc. 

Pulse-feeding experiments did not lead to by-product 
formation. Within 30 s, the growth rate was increased 

3.7 fold in comparison with steady state conditions. This 
did not lead to an increased level of amino acid 
formation. After 40-60 s, a new steady state was 

reached with higher metabolic fluxes and 
concentrations of metabolites. 

[146] 

PFR-STR experiment. Cells which entered oscillations 
from a lower specific growth rate were more sensitive to 

oscillations than cells subjected directly after a batch 
phase (high growth rate). 

[177] 

STR connected to a recycle loop where glucose is 
injected at the inlet. Cell membrane permeability and 

protein leakage were decreased in the STR with 
recycling in comparison to an ideally mixed STR. 

[178] 

Ammonia 
conc. 

PFR-STR experiment. Stringent regulation induction, 
15% maintenance increase in comparison with a 

steady-state reference state without gradients in the 
STR. 

[148] 

Dissolved 
CO2 conc. 

STR-STR system. At 𝑡𝐶 = 375 s, 11% decrease of 
growth, 23% increase of acetate concentration in 

comparison with samples taken from the same culture 
just before the onset of dissolved CO2 concentration 

gradients 

[179] 

pH 

STR-STR system. With increasing re-circulation time 
between reactors, the plasmid DNA and biomass yields, 

as well as the plasmid DNA final titer decreased in 
comparison with reference cultivations at constant pH 

values of 7.2 and 8. Differential mechanism to cope with 
pH fluctuations were found, depending on whether the 

fluctuations were transient or constant. 

[180] 

Komagataella 
phaffii 

(Pichia pastoris) 
DO conc. 

PFR-STR system. Decreased growth and increased by-
product formation with increasing time of exposure to 

low DO concentrations in comparison with non-induced 
cultures. 

[181] 

PFR-STR system. Multivariate study showed that the 
residence time in each reactor did not influence titer, 

productivity and physiology over the time span used (0 
– 15 min). DO level influenced titer and specific 

[182] 
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Microorganism 
or cell line 

Parameter Setup and results Refs 

productivity. Both residence time and DO level did not 
influence 𝑌𝑋𝑆 or 𝑌𝐶𝑂2𝑆. 

Penicillium 
chrysogenum 

Substrate 
conc. 

Pulse-feeding experiments at 30 s, 3 min and 6 min 
showed accumulation of high levels of central 

metabolites during feast phase to cope with external 
substrate deprivation in famine phase. STR-STR 

experiment with mean residence time of 6 minutes 
showed that the storage pool of mannitol and arabitol 

constituted a large contribution of the carbon supply on 
the non-feed reactor. Product formation was decreased 

in both cases and it was inversely correlated to the 
intracellular glucose concentration level. The results 

were compared to a chemostat cultivations with 
continuous feeding. 

[183] 

Pulse-feeding experiments. 38% of glucose was 
recycled once in storage metabolism. Thus, storage 

metabolism helps coping with environmental 
fluctuations and contributes to decreased volumetric 
productivity compared with reference steady-state 

cultivations. 

[79] 

Pulse-feeding experiments. 2-fold reduction of penicillin 
production compared with control chemostat 

cultivations. 
[184] 

Fluid 
dynamic 
stress 

Chemostat fermentations at volumetric power inputs of 
1 and 3.83 kW m-3 representing the bulk fermenter and 
the impeller zones, respectively. At 3.83 kW m-3, 20% 

more cell lysis occurred and increased degeneration of 
penicillin in comparison with working at 1 kW m-3. 

Higher-affinity glucose transport to the cell and 
metabolic re-arrangements also occurred. 

[185] 

Pseudomonas 
putida 

Iron 
availability, 

solvent 
exposure 
and DO 
conc. 

Chemostat cultivations with distinct stress conditions in 
comparison with a chemostat cultivation with all 
nutrients supplied in excess besides glucose. 

Correlated acceleration of DNA replication with 
environmental stress as a coping mechanism. Growth 
rate kept at the same level and consequent longer cell 

cycle phases before and after replication to 
compensate. 

[186] 

Saccharomyces 
cerevisiae 

Substrate 
and DO 
conc. 

One- and two-compartment STR experiments with 
varying glucose feed concentration (50-300 kg m-3) and 

dilution rate (0.05 -0.2 h-1) were performed and 
compared. In general, 𝑌𝑋𝑆 and biomass productivity 
were 50% larger in STR-STR cultivations. Ethanol 

yields were three-fold higher in single STR. CO2 yields 
also had higher values in a single STR. No dependence 

between yields and dilution rate observed. Cells in a 
single STR had larger membrane robustness. Re-

assimilation of ethanol in non-feeding reactor in STR-
STR. 

[149] 

PFR-STR and 2PFR-STR experiments. Decreased 
growth rate and increased accumulation of carboxylic 

acids compared with single reference STR. Changes in 
sterol and fatty acid synthesis in response to varying 

[187] 
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Microorganism 
or cell line 

Parameter Setup and results Refs 

cultivation conditions. Higher heterogeneity in cell 
morphology. 

Substrate 
conc. 

PFR-STR experiment combined Markov chain 
modelling has shown that individual microbial cells are 

subjected to severe glucose starvation under a DO-
control feed strategy. 

[188] 

STR connected to a glass bulb or two different pipes 
resembled large-scale operation. Results showed a 

decrease on 𝑌𝑋𝑆 and 𝑞𝑃 and an increase in fermentation 
time and ethanol formation in comparison with a well-

mixed reference reactor without re-circulation. 

[189]
, 

[190] 

Pulse-feeding experiment with repetitive feast/famine 
regime lasting 400 s compared with reference 

chemostat cultivation. 𝑌𝑋𝑆 reduced by 5%. Averaged 
substrate and oxygen consumption and CO2 production 

rates were comparable to control levels. Delayed 
response to oscillations. 

[78] 

pCO2 

Chemostat experiments with varying pCO2 conditions 
lead to membrane depolarization, decrease in the 

intracellular pH and increases in HCO3
– concentrations 

and changes in the ion balances. A peak in the ATP 
demand is also triggered. The experiments were 
compared to chemostat references with normal 

aeration. 

[191] 

pCO2 and 
pH 

Low pH and high pCO2 conditions (pH = 3, 50% CO2) 
were tested with slow grown (0.0001 – 0.1 h-1) 

chemostat and retentostat cultures and compared to 
cultures operated with control conditions (pH = 5, 0.04% 

CO2). Higher maintenance requirements and death 
rates occurred mainly due to low pH. High pCO2 

strongly affected genome-wide transcriptional 
responses to low pH. 

[192] 

Yarrowia lipolytica DO conc. 

STR-PFR with oxygen limitation in PFR. As a reference, 
a single STR fermentation process is performed with 
oxygen-enriched air to avoid oxygen limitation. For a 

mean residence time of 100 s, foaming was decreased 
and other parameters were kept at the same level. For 

a mean residence time of 200 s, foaming was also 
decreased, as well as 𝑌𝑃𝑆. 

[193] 

Single STR with an automatic valve controlling the 
opening and closure of the air flow line. Oscillating DO 
concentration had a significant impact on the genetic 
expression level of the product (lipase) in comparison 
with a reference culture (single bioreactor) without DO 

concentration fluctuations. 

[194] 
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The majority of studies consist of scale-down experiments (Table 2.6) that start from the 

premise that meaningful gradients in cultivation conditions do occur at large-scale. Therefore, 

these investigations aim at identifying and quantifying the physiological impact of gradients by 

observing differential growth rate levels, expression of various genes and formation of by-

products, amongst others. Nevertheless, for many of these strains, actual experimental or 

numerical evidence that gradients occur in their industrial process has not been collected, 

meaning that fluid dynamics studies combined with microbial kinetics and/or measurements 

in large-scale have not been done. Thus, many experimental tests consist of placing the cells 

in a hostile environment (e.g. lack of oxygen, varying pH) and checking their physiological 

performance, which will likely be poorer than in the optimal setup. While such studies may 

reflect the behaviour of large-scale systems, they suffer from the limitation that they do not 

demonstrate the existence of significant gradients in industrial processes. 

Furthermore, this implies that the design of scale-down systems is a difficult task if there is 

not a clear idea of the magnitude of the potential gradients, as previously underlined. This is 

one of the reasons why different conclusions when studying the same biological system are 

found. It might be that one study does not find any effect of gradient development and another 

does because they actually use harsher conditions on the cell culture. For both multi-

compartment and pulse-feeding scale-down systems, the biomass concentration, the 

operational mode and the substrate feed rate are common key operational parameters. 

Besides that, multi-compartment systems can differ regarding the re-circulation rates and/or 

reactor residence times and the volume ratio between reactors and pulse-feeding experiments 

may have various feed rate frequencies.  

Considering C. glutamicum, Limberg et al. [155] found that substrate and DO concentration 

variations in a STR-STR and a PFR-STR scale-down bioreactor affected growth but not 

process yields for a batch process. In contrast, Lemoine et al. [167] concluded that fluctuations 

in such process parameters affected YPS in PFR-STR and 2PFR-STR fed-batch scale-down 

systems. Finally, other fed-batch studies from Käß et al. [168], [169] and again by Limberg et 

al. [170] performed with PFR-STR and STR-STR scale-down systems, respectively, 

underlined the robustness of C. glutamicum to environmental oscillations by reporting no 

change in process metrics compared to control lab-scale fermentation processes. In all cases, 

residence times in the smaller reactors ranged between 78 and 180 s, so strong variations 

because of these values are not expected. On the other hand, batch STR-STR experiments 

from Limberg et al. [155], were done at very high reactor volume ratios (1.6:1, 3.5:1), while 
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the other cases were done with lower values (STR-PFR, 5.6:1, STR-PFR-PFR 5.6:1:1 [167]; 

4.6:1 [168], [169]; 4:1 [170]). Furthermore, they were the only experiments performed with 

batch rather than fed-batch operation. These two operational settings may have influenced 

the batch scale-down experiment to result into lower growth rate [155]. The work of Lemoine 

et al. [167] found lower YPS in both the PFR-STR and the 2PFR-STR scale-down setups with 

comparable operational settings to Käß et al. [168], [169] PFR-STR. Lemoine et al. [167] 

points it out in the discussion but does not provide an explanation to that. In both works, the 

C. glutamicum strains used were L-lysine-producing. Nevertheless, some differences 

between strains from the same species may provide variability regarding the impact of 

gradients. The stochasticity of gene expression [59] also needs to be considered, leading to 

more negative consequences to non-homogeneous conditions in some cultures than in 

others.  

Another example is the different results to DO concentration oscillations by two PFR-STR 

scale-down studies with K. phaffii (formerly known as P. pastoris). On the one hand, it was 

found that decreased growth and increased by-product formation was correlated to the time 

of exposure to low DO concentrations [181]. On the other hand, another study did not see any 

correlation of process metrics with reactor residence time, but with the DO level [182]. 

Residence times in the PFR oscillated between 1 to 8 and 3.3 to 15 min, respectively. 

Furthermore, the STR-PFR volume ratios were 1:1 and 11.1:1, respectively. Thus, both setups 

have quite different residence time spans and volume ratio differences, leading to potential 

conflicting results within the same experimental principle. 

The last clear example reported here of different conclusions to scale-down experiments 

performed with the same microorganism correspond to the widely used yeast S. cerevisiae. 

Heins et al. [149] ran two STRs in series and compared them to a single STR. They varied 

the glucose feed concentration and the dilution rate. In most cases, YXS and the biomass 

productivity were higher than in a single STR. In addition, ethanol yields were also lower 

because ethanol was re-assimilated in the non-feeding STR. On the other hand, scale-down 

work performed with PFR-STR, 2PFR-STR [187] and STRs connected to a glass bulb or to 

two different pipes [189], [190] showed the contrary effect, as well as pulse-feeding 

experiments [78]. Thus, it is likely that the operational setup did play a role in this case, where 

different conclusions arise from different reactor configurations. 

The fact that productivity and/or substrate and product yields are not maintained across scales  

could be argued to indicate the presence of gradients that affect cell physiology and process 
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performance. This might be true, but it is also an imprecise statement. It is still difficult to 

measure gradients and, once measured, it is even harder to correlate their magnitude to 

affected process metrics. Furthermore, scaling up itself is not an easy task either [103], seeing 

the amount of companies that invest on scale up facilities and knowledge. Another justification 

for different results reported in the literature might be the variability between strains of the 

same species. For instance, while some industrial strains might have been selected to cope 

better with varying environments, other widely used strains (e.g. those used academically) 

might have a lower tolerance for gradients. Since quantifying the impact of gradients is rather 

complicated, they are often assigned to be responsible for a decrease in process performance 

at large scale even though solid evidence is not provided.  

Regarding the few studies with measurements in pilot- and production-scale (Table 2.5), 

significant gradients were not reported for studied that did not involve substrate concentration 

gradients [20], [117]. Gradients that affected cell physiology by influencing process metrics 

have been reported in the pioneering work involving E. coli fermentation processes [16], [18], 

where biomass yield decreased due to formation of by-products. Most recent work reported a 

penicillin production rate loss of 18-45% was reported for P. chrysogenum fermentation 

processes where single-point measurements were performed combined with CFD work [19]. 

This means that our current knowledge of gradient incidence in large scale has not improved 

greatly since the first studies were published.  

Computational work has provided a rather detailed background regarding what is expected to 

be seen in pilot and production scales. First, the results of the CFD work that has been 

validated with multiple-point measurements stress the fact that gradients have not been 

meaningful enough to have an effect on physiology. Spann et al. [20] studied pH gradients in 

pilot low-cell density fermentations, where large heterogeneity is not typically expected, both 

for the type of process and for the size of the reactor. On the other hand, Bach et al. [117] 

investigated dissolved oxygen concentration gradients in aerobic fed-batch T. reesei 

fermentation processes. Because of the low substrate uptake rates of T. reesei 

(0.18 kg kg-1 h-1) mixing was not suspected to become limiting. The presence of distinct 

metabolic regimes (35% starvation, 24% carbon excess) in a CFD simulation of a large-scale 

S. cerevisiae fermentation process [86] has been reported and presented good agreement its 

historical fermentation data [21]. The same situation occurred for historical large-scale data of 

an E. coli fermentation process [18], which could be used for the successful validation of the 

combination of a CM with a metabolic and a PBM model [116]. Finally, all the other CFD 
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studies without spatially distributed data found to some extent effects of gradients on the 

numerous strains that have been tested [27], [28], [113], [115], but the lack of validation does 

not provide any guarantee of these results.  

For the substrate concentration cases that presented sufficient data in Table 2.5, the value of 

𝜏𝑆𝐶 is plotted with respect to 𝜏𝑚 (Figure 2.7). By representing the data in this manner, it is easy 

to visually assess the expected results of such investigations. In all of them besides in a 70 L 

reactor [122], the presence of gradients was expected since 𝜏𝑚 was larger than 𝜏𝑆𝐶. All 

investigations reported results in concordance with this preliminary study, so in all cases 

besides the 70 L reactor [122], the presence of gradients was anticipated and it actually was 

reported, either by large-scale measurements and/or gradient modelling. The agreement 

between the results and the expectations provides support to regime analysis as a preliminary 

tool to assess the potential of a fermentation process to develop significant gradients. 

 

Figure 2.7. Plot showing characteristic times for transport (mixing time) (𝝉𝒎) and substrate 

consumption (𝝉𝑺𝑪) for published work in the literature. The solid line indicates the point at which 

𝝉𝒎 = 𝝉𝑺𝑪. Below this line gradients are expected. More details about the computational and 
experimental work used to generate this plot are given in Table 2.5. 
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2.6. Concluding remarks and future perspectives 

Gradients in cultivation conditions in fermentation processes have been the subject of study 

for many years in terms of computational investigations, scale-down experiments and a few 

measurements in pilot and production scale fermenters. Besides the large amount of 

metabolic data and knowledge obtained from numerous scale-down studies, the main learning 

from these investigations is the lack of clarity regarding the actual presence and magnitude 

of gradients that negatively affect fermentation process performance. This is supported by the 

scarcity of published large-scale data showing a clear correlation between gradient 

development and influenced process metrics. Therefore, future investigations should be 

targeted at measuring gradients in relevant industrial fermentation processes to quantify their 

occurrence, degree and relevance.  

Secondly, these spatial measurements need to be combined with modelling of gradients in 

bioreactors using combined fluid dynamics and microbial kinetic models. Both strategies have 

been performed separately and for a few cases combined. It is encouraged to completely 

integrate both approaches to systematically match the observed gradients with quantifiable 

changes in cell and process performance. Scale-down experiments for bioprocess 

development and/or optimisation purposes can then be rationally designed based on both 

modelling and measuring rather than being based on educated guesses. Once the design 

challenge of scale-down experiments is overcome, the remaining struggle on their operation 

will be to attain relevant cultivation conditions that resemble the large scale, in terms of 

Reynolds numbers and oxygen transfer rates, amongst others. 

In conclusion, future work should aim at the exploitation of in silico tools and at model testing 

and gradient measurement in large-scale facilities. Then, models that describe both fluid 

dynamics and microorganism behaviour can be either validated or improved and efficiently 

implemented as an additional step in fermentation process development. For process design 

and optimisation purposes, computational tools should be used to screen the strain-

dependent operational limits of each process parameter due to potential gradient 

development (operational factors from Table 2.1). It is only by doing this that gradients can 

finally be understood and tackled, ensuring process robustness despite a potential non-

homogeneous fermentation environment. 
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Chapter 3 

A five-regime kinetic model for the study of gradients in 
aerobic fed-batch fermentation processes with Bacillus 
licheniformis 
 
 

 

Abstract 

In industrial scale fermentations, combining both fluid dynamics and microbial kinetic models 

is a promising strategy to investigate the magnitude and occurrence of gradients in process 

variables. The work presented here describes the development of a model that represents the 

physiology of Bacillus licheniformis. If combined with fluid dynamics models, the model allows 

the quantification of spatio-temporal variations in the metabolic activities of B. licheniformis as 

a result of non-homogeneous cultivation conditions. Depending on the specific local 

concentrations of glucose, acetate, dissolved oxygen and biomass, five different metabolic 

regimes occur. The multi-regime model predicts growth, glucose and oxygen uptake and 

acetate production and assimilation. Accelerostat, batch and fed-batch fermentations have 

been used to characterise the behaviour of B. licheniformis under different conditions, to 

generate data for parameter estimation and to test model performance. This model can be 

used to study the impact of glucose and dissolved oxygen concentration gradients on 

fermentation processes with the industrial workhorse B. licheniformis. Based on the results 

from model development, glucose concentration gradients are not expected to cause overflow 

metabolism unless oxygen becomes limiting due to strong substrate inhibition on growth. 

Moreover, acetate is likely to become a good metabolic marker for oxygen limiting conditions. 
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3.1. Introduction 

The study of gradients in cultivation conditions in large scale fermentation processes has 

become a growing topic of interest in the last two decades because of the potential negative 

effects they may have on cell metabolism, physiology, process productivity and product quality 

[16], [17], [21], [59], [147]. These non-homogeneous conditions are the result of limitations in 

the mixing and the mass transfer capabilities of the system and can affect many relevant 

process variables, such as substrate, dissolved oxygen and carbon dioxide concentrations, 

pH and temperature, amongst others [14].  

The most promising approach to investigate the impact of gradients on fermentation process 

performance is to combine computational fluid dynamics (CFD) and microbial kinetic models 

[23]. CFD simulations have already been utilized for assessing multiphase flow and mixing in 

relevant fermenter systems, such as stirred tanks [24] and bubble columns [25]. Their 

extension with kinetic models provides spatial information about the expected gradients, such 

as the substrate concentration or pH, while also accounting for the mass and momentum 

equations of the system [19], [20], [27]–[29], [195]. However, due to the computational effort 

that CFD simulations require, the addition of kinetic models can become challenging [196]. 

This issue can be addressed by simplification. Firstly, the kinetic model should follow a 

“fitness-to-purpose” criterion and the complexity of the model should be adjusted to its 

objective [127]. Furthermore, compartment models (CMs) can be used. These correspond to 

a network of interconnected, ideally-mixed volumes capable of representing a non-

homogenous system [30]. Compartment models can be built directly from fields calculated by 

CFD (CFD/CMs) and have shown promising results [33], [35], [41]. CFD/CMs provide 

simplicity in respect to CFD models because they can satisfactorily describe the flow field, i.e. 

values of compartment volumes and flow rates between compartments are derived based on 

CFD simulations, without resolving or modelling the Navier-Stokes equations [36]. 

Furthermore, the number of ideally mixed volumes, mesh elements in CFD or compartments 

in CM, is normally decreased to a large extent in CMs [30]. As a result, CFD/CMs can be 

extended with kinetic models and their simulations need significantly less computational time 

compared with CFD simulations incorporating microbial kinetics [34].  

For the study of gradients, the efforts to develop detailed mathematical models for microbial 

systems should be targeted to microbial strains that have relevant influences on process 

heterogeneity [117]. For example, this could refer to processes with microbial strains in which 

the characteristic time for substrate uptake is likely to be lower than the mixing time of the 
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reactor [14], [108], [117]. The mixing time (𝜏𝑚) can be defined as the time required to achieve 

a pre-defined degree of homogeneity (often chosen as 95%) starting from the completely 

segregated state [1] and depends on the geometry and size of the reactor, the impeller type, 

the power input, the aeration rate and the rheology of the broth. For prevention of gradients 

and enhancement of optimal process conditions, long mixing times (>100 s) are ideally 

avoided. Long mixing times are typically found in large scale (≥30 m3) [97]. On the other hand, 

the characteristic time for substrate consumption corresponds to the time the cells utilize to 

consume the available glucose in the fermentation broth (Equation 3.1) [108].  

𝜏𝐺𝐶 =
𝐺

𝑞𝐺𝑋
(3.1) 

While 𝜏𝑚 mainly depends on bioreactor parameters that are not strain dependent, 𝜏𝐺𝐶 is 

largely influenced by the microorganism. By comparing both parameters (𝜏𝑚 and 𝜏𝐺𝐶) it can 

be assessed whether the system is likely to develop glucose concentration gradients (𝜏𝑚 >

𝜏𝐺𝐶) or if there is no risk (𝜏𝑚 < 𝜏𝐺𝐶). Besides that, the chosen strains should be industrially 

relevant, so that gradients that are potentially problematic for full-scale operation can be 

assessed. Based on these requirements, Bacillus licheniformis is an interesting 

microorganism for the study of gradients. It is an industrial workhorse for the production of 

enzymes, e.g. proteases and amylases [6]. Furthermore, Bacillus sp. have high maximum 

substrate uptake rates (2.04 ± 0.03 g g-1 h-1) [197] comparable with those of Escherichia coli 

(1.35 ± 0.11 g g-1 h-1) [63] and Saccharomyces cerevisiae (2.9 ± 0.10 g g-1 h-1) [198], which 

have been widely studied for gradient development [149], [187], [199], [200]. High substrate 

uptake values lead to shorter 𝜏𝐺𝐶 (Equation 3.1) and increase the strain potential to develop 

significant substrate gradients. Moreover, aerobic industrial scale processes with B. 

licheniformis are often run with high cell densities (> 50 g L-1) [201], [202] to maximise 

volumetric productivity. High cell densities are inversely correlated with the characteristic time 

of glucose consumption (Equation 3.1), favouring the occurrence of potential meaningful 

gradients for a giving mixing time. In conclusion, B. licheniformis is a good candidate to study 

the occurrence of gradients of glucose and dissolved oxygen concentrations if limitations in 

mass transfer arise. 

To balance both the complexity and accuracy of the kinetic model, a mechanistic model is 

established. The kinetic model developed in this work is unstructured, meaning that changes 

in the cell composition in response to environmental fluctuations are neglected [203]. 

Furthermore, the model takes variations in the performance of the microorganism under 

different metabolic regimes into account. It is the environment the cells encounter that dictates 
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their performance. Thus, different metabolic activities with distinct growth rate levels, 

stoichiometry coefficients and reactions can occur. Some metabolic regimes and metabolic 

markers can therefore be distinguished and they can be good indicators of the physiological 

state of the cells [72], [204], [205]. In Bacillus sp., acetate excretion mainly occurs when the 

carbon flux into the cells exceeds its respiratory capacity [61], [69]. Therefore, acetate is a 

good marker for the determination of conditions with glucose excess or oxygen limitation. 

In this work, a mechanistic model for B. licheniformis fermentation processes has been 

developed and tested experimentally. Five metabolic regimes have been identified and occur 

depending on the glucose and oxygen uptake levels. The model can be used to investigate 

the impact of gradients in B. licheniformis fermentation processes.  

 

3.2. Materials and Methods 

3.2.1. Model definition and setup 

The model describes the performance of B. licheniformis in five metabolic states depending 

on the glucose and oxygen uptake levels (Figure 3.1). The transition between regimes is 

assumed to be instantaneous [195]. Acetate has been reported as an important marker to 

identify the presence of both overflow and oxygen limited metabolic regimes in fermentation 

processes for Bacillus sp. [61], [206]. Therefore, acetate consumption under conditions with 

low sugar uptake and sufficient oxygen, and its formation under overflow and oxygen limiting 

conditions are also taken into account. 
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Figure 3.1. Schematic of the five metabolic regimes that Bacillus licheniformis SJ4628 can 
experience and the conditions and thresholds that lead to them. Under non-limiting oxygen 
conditions, when the maintenance requirements for oxygen are met (𝒒𝑶 > 𝒎𝑶), three regimes 
can arise. If glucose is insufficient, i.e. when the specific glucose uptake rate is lower than the 

maintenance coefficient for glucose (𝒒𝑮 < 𝒎𝑮), the cells will undergo glucose starvation. 

The specific growth rates on glucose (𝜇𝐺) and acetate (𝜇𝐴) follow Monod kinetics [48] 

(Equations 3.2 and 3.3) and include substrate inhibition using the approach of Andrews and 

Noack [110].  

𝜇𝐺 =
𝜇𝐺,𝑚𝑎𝑥𝐺

𝐾𝐺 + 𝐺 +
𝐺2

𝐾𝐼𝐺
𝐺

(3.2)
 

𝜇𝐴 =
𝜇𝐴,𝑚𝑎𝑥𝐴

𝐾𝐴 + 𝐴 +
𝐴2

𝐾𝐼𝐴
𝐴

(3.3)
 

The equations for the specific growth rate (𝜇) (Equations 3.4-3.6) and the q-rates, i.e. the 

specific rates for glucose uptake (Equations 3.7-3.11), acetate formation and assimilation 

(Equations 3.12-3.15) and oxygen uptake (Equations 3.16 and 3.17) are summarised in 

Table 3.1. All q-rates follow the Herbert-Pirt relation [207]. Thus, they are correlated with 𝜇 

and have yield and maintenance coefficients. The value of the yield coefficients and the 

presence of maintenance requirements differ depending on the metabolic regime.  

Under oxygen sufficient conditions, i.e. when the specific oxygen uptake rate is higher than 

the oxygen maintenance coefficient (
𝑂

𝑡𝑠𝑋
> 𝑚𝑂), three metabolic regimes arise. First, if the 

specific glucose uptake rate is lower than the maintenance coefficient for glucose (
𝐺

𝑡𝑠𝑋
< 𝑚𝐺), 

Glucose 

starvation

Full 

oxidation
Overflow

Oxygen limitation

Oxygen 

limitation 

and glucose 

starvation
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B. licheniformis will experience glucose starvation. Besides assimilating all glucose available, 

acetate oxidation will also occur. As maintenance requirements are not met with glucose 

uptake, they will be achieved with acetate uptake if there is sufficient acetate present in the 

broth. Growth based on glucose will be neglected since there will not be sufficient glucose for 

maintenance. Therefore 𝜇 will be equal to 𝜇𝐴. Correspondingly, when the glucose uptake rate 

becomes sufficient (
𝐺

𝑡𝑠𝑋
> 𝑚𝐺), 𝜇 will be equal to the mathematical addition of 𝜇𝐺 and 𝜇𝐴 [71]. 

The cells can experience two metabolic regimes. A critical specific glucose uptake rate 

(𝑞𝐺,𝑐𝑟𝑖𝑡) becomes the threshold between the regimes. 𝑞𝐺,𝑐𝑟𝑖𝑡 is directly correlated with the 

critical specific growth rate (𝜇𝑐𝑟𝑖𝑡) at which overflow metabolism begins. 𝜇𝑐𝑟𝑖𝑡 is used for 

calculations of specific rates in overflow metabolism (Equations 3.9, 3.14 and 3.16). The first 

regime (𝑞𝐺 < 𝑞𝐺,𝑐𝑟𝑖𝑡) corresponds to the fully oxidative regime, where both glucose and 

acetate can be assimilated. In this case, glucose uptake already includes maintenance 

requirements, so maintenance does not need to be fulfilled with acetate uptake. The other 

regime corresponds to overflow metabolism, where only glucose is assimilated, and acetate 

is produced. While oxygen uptake follows the same increasing trend with increasing 𝑞𝐺, its 

value becomes constant in the overflow level, since the maximum respiratory capacity is 

achieved [208]. 

Furthermore, B. licheniformis can also grow under oxygen limiting conditions (
𝑂

𝑡𝑠𝑋
< 𝑚𝑂) [6]. 

The reduction of glucose to acetate will be the only manner to yield energy under such 

conditions. Hence, glucose will be assimilated and acetate will be produced at fully reductive 

rates [10]. Finally, if both glucose and oxygen become limiting (
𝐺

𝑡𝑠𝑋
< 𝑚𝐺 ,

𝑂

𝑡𝑠𝑋
< 𝑚𝑂), their 

available amount in the broth will be assimilated but no acetate will be produced.  

When glucose, acetate and/or oxygen become insufficient, i.e. when their specific uptake rate 

is lower than their maintenance coefficients, the available amounts of glucose, acetate and/or 

oxygen are taken up. This approach is followed because maintenance requirements need to 

be first met before the cells can use these substrates for growth. 
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Table 3.1. Equations of specific rates for growth, glucose uptake, acetate assimilation and production and oxygen uptake of B. 
licheniformis SJ4628 under different metabolic regimes. 

Regime Conditions 𝝁 [𝒉−𝟏] 𝒒𝑮 [𝒈 𝒈−𝟏 𝒉−𝟏] 𝒒𝑨 [𝒈 𝒈
−𝟏 𝒉−𝟏] 𝒒𝑶 [𝒈 𝒈

−𝟏 𝒉−𝟏] 

Glucose 
starvation 

𝐺

𝑡𝑠𝑋
< 𝑚𝐺 

𝑂

𝑡𝑠𝑋
> 𝑚𝑂 

𝜇𝐴 (3.4) −
𝐺

𝑡𝑠𝑋
(3.7) −min

(

 

𝜇𝐴

𝑌𝑋𝐴
𝑂𝑥 +𝑚𝐴,

𝐴

𝑡𝑠𝑋 )

 (3.12) 

−min(

𝜇

𝑌𝑋𝑂
+𝑚𝑂,

𝜇𝑐𝑟𝑖𝑡
𝑌𝑋𝑂

+𝑚𝑂

) (3.16) Oxidation 

𝐺

𝑡𝑠𝑋
> 𝑚𝐺 

𝑂

𝑡𝑠𝑋
> 𝑚𝑂 

𝑞𝐺 < 𝑞𝐺,𝑐𝑟𝑖𝑡 

𝜇𝐺 + 𝜇𝐴 (3.5) 

 
−(

𝜇𝐺

𝑌𝑋𝐺
𝑂𝑥 +𝑚𝐺) (3.8) −

𝜇𝐴

𝑌𝑋𝐴
𝑂𝑥 (3.13) 

Overflow 

𝑂

𝑡𝑠𝑋
> 𝑚𝑂 

𝑞𝐺 > 𝑞𝐺,𝑐𝑟𝑖𝑡 

𝜇𝐺 (3.6) 

−(
𝜇𝑐𝑟𝑖𝑡

𝑌𝑋𝐺
𝑂𝑥 +

𝜇𝐺 − 𝜇𝑐𝑟𝑖𝑡

𝑌𝑋𝐺
𝑂𝑓

+𝑚𝐺) (3.9) 
𝜇𝐺 − 𝜇𝑐𝑟𝑖𝑡

𝑌𝑋𝐴
𝑂𝑓

(3.14) 

Oxygen 
limitation 

𝐺

𝑡𝑠𝑋
> 𝑚𝐺 

𝑂

𝑡𝑠𝑋
< 𝑚𝑂 

−(
𝜇𝐺

𝑌𝑋𝐺
𝑂𝑓
+𝑚𝐺) (3.10) 

𝜇𝐺

𝑌𝑋𝐴
𝑂𝑓

(3.15) 

−
𝑂

𝑡𝑠𝑋
(3.17) 

Glucose 
starvation 

and oxygen 
limitation 

𝐺

𝑡𝑠𝑋
< 𝑚𝐺 

𝑂

𝑡𝑠𝑋
< 𝑚𝑂 

n.a. −
𝐺

𝑡𝑠𝑋
(3.11) n.a. 
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Hyperbolic tangent smooth techniques for converting discontinuous equations into a 

continuous state have been used for modelling the metabolic shifts between regimes. In each 

regime, a non-dimensional number between zero and one has been defined that directly 

captures the regime expression level in the fermentation at each time point. For example, if 

the value of the expression of the oxidative regime (𝑟𝑒𝑔𝑂𝑥) becomes one, all the remaining 

regimes (𝑟𝑒𝑔𝐺𝑆 for glucose starvation, 𝑟𝑒𝑔𝑂𝑓 for overflow, 𝑟𝑒𝑔𝐺𝑆𝑂𝐿 for glucose starvation 

and oxygen limitation and 𝑟𝑒𝑔𝑂𝐿 for oxygen limitation) will be zero, which will mean that the 

calculations of the specific rates for the oxidative regime will be the only ones taken into 

account. First, the calculation of 𝜇𝐺 takes place and the regime expression level that does not 

experience aerobic overflow (𝑟𝑒𝑔𝑁𝑜𝑡𝑂𝑓) is calculated accordingly using the hyperbolic 

tangent approach and 𝜇𝑐𝑟𝑖𝑡 as the shift value (Equation 3.18).  

𝑟𝑒𝑔𝑁𝑜𝑡𝑂𝑓 =
(tanh(𝜇𝑐𝑟𝑖𝑡 − 𝜇𝐺) × 10

7) + 1

2
(3.18) 

Similarly, the regime expression level of glucose limitation and oxygen limitation are 

calculated, using its maintenance values to determine whether the systems are limited or not 

(Equations 3.19 and 3.20).  

𝑟𝑒𝑔𝐺𝑙𝑖𝑚 =
(tanh(𝑡𝑠𝑋𝑚𝐺 − 𝐺) × 10

7) + 1

2
(3.19) 

𝑟𝑒𝑔𝑂𝑙𝑖𝑚 =
(tanh(𝑡𝑠𝑋𝑚𝑂 − 𝑂) × 10

7) + 1

2
(3.20) 

Finally, the actual regime expression level for the five metabolic regimes used are calculated 

based on combinations of 𝑟𝑒𝑔𝑁𝑜𝑡𝑂𝑓, 𝑟𝑒𝑔𝐺𝑙𝑖𝑚 and 𝑟𝑒𝑔𝑂𝑙𝑖𝑚 as shown in Equations 3.21-3.25. 

𝑟𝑒𝑔𝐺𝑆 = 𝑟𝑒𝑔𝐺𝑙𝑖𝑚(1 − 𝑟𝑒𝑔𝑂𝑙𝑖𝑚) (3.21) 

𝑟𝑒𝑔𝑂𝑥 = (1 − 𝑟𝑒𝑔𝐺𝑙𝑖𝑚)𝑟𝑒𝑔𝑁𝑜𝑡𝑂𝑓(1 − 𝑟𝑒𝑔𝑂𝑙𝑖𝑚) (3.22) 

𝑟𝑒𝑔𝑂𝑓 = (1 − 𝑟𝑒𝑔𝐺𝑙𝑖𝑚)(1 − 𝑟𝑒𝑔𝑁𝑜𝑡𝑂𝑓)(1 − 𝑟𝑒𝑔𝑂𝑙𝑖𝑚) (3.23) 

𝑟𝑒𝑔𝐺𝑆𝑂𝐿 = 𝑟𝑒𝑔𝐺𝑙𝑖𝑚 × 𝑟𝑒𝑔𝑂𝑙𝑖𝑚 (3.24) 

𝑟𝑒𝑔𝑂𝐿 = (1 − 𝑟𝑒𝑔𝐺𝑙𝑖𝑚)𝑟𝑒𝑔𝑂𝑙𝑖𝑚 (3.25) 

Once the specific rates and the metabolic switches between regimes are defined, the kinetic 

model is implemented in MATLAB® 2018a (The MathWorks®, Natick, MA) as well as a set of 

four ordinary differential equations (ODEs) that solve the mass balances for biomass, glucose, 

acetate and dissolved oxygen. The ODEs for the respective variables are shown in Equations 

3.26-3.29. The MATLAB® solver used is ode15s. 

𝑑𝑀𝑋
𝑑𝑡

= 𝜇𝑀𝑋 (3.26) 
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𝑑𝑀𝐺
𝑑𝑡

= 𝑞𝐺𝑀𝑋 +
𝐹𝐹𝑒𝑒𝑑𝐺𝐹𝑒𝑒𝑑
𝜌𝐹𝑒𝑒𝑑

(3.27) 

𝑑𝑀𝐴
𝑑𝑡

= 𝑞𝐴𝑀𝑋 (3.28) 

𝑑𝑀𝑂
𝑑𝑡

=
𝑘𝐿𝑎(𝑂

∗ − 𝑂)𝑀𝐿
𝜌𝐿

+ 𝑞𝑂𝑀𝑋 (3.29) 

As the fermentation processes modelled and simulated correspond to already existing 

fermentations, the experimental feed rate (𝐹𝐹𝑒𝑒𝑑) and the liquid broth weight (𝑀𝐿) are already 

provided. The values for overall mass transfer coefficient (𝑘𝐿𝑎) and the oxygen concentration 

at saturation (𝑂*) correspond to the experimental data (data not shown). The density of the 

feeding solution (𝜌𝐹𝑒𝑒𝑑) was calculated from its composition and the density of the liquid broth 

(𝜌𝐿) was assumed to be 1.05 kg L-1 [209]. 

3.2.2. Experimental design and parameter estimation 

Initially, triplicate accelerostat fermentations were performed to measure the yield coefficient 

for acetate production in the overflow regime (𝑌𝑋𝐴
𝑂𝑓

). The value of this model parameter was 

estimated by performing a linear regression of the q-rates on the dilution rate. This 

methodology can be used because the definition of the q-rates is assumed to follow the 

Herbert-Pirt relation [207]. The values of the maximum specific growth rate (𝜇𝐺𝑚𝑎𝑥) and the 

critical specific glucose uptake rate (𝑞𝐺,𝑐𝑟𝑖𝑡) were also quantified with these trials (Table 3.2). 

𝜇𝐺𝑚𝑎𝑥 was established to be the dilution rate at which the cultures washed out [210]. 𝑞𝐺,𝑐𝑟𝑖𝑡 is 

the specific glucose uptake rate at which the specific production of acetate was enhanced 

[208].  

Subsequently, duplicate batch fermentations using glucose or acetate as carbon sources 

were carried out to measure the yield of biomass on acetate for acetate uptake in the glucose 

starvation and the fully oxidative regimes (𝑌𝑋𝐴
𝑂𝑥) and the yield of biomass on glucose in the fully 

oxidative regime (𝑌𝑋𝐺
𝑂𝑥). The values of these parameters were estimated by performing the 

linear regression of the biomass concentration on the substrate concentration during the batch 

phase (Figure 3.6). Besides determining these yield coefficients, the batch data were also 

used to estimate the value of the substrate inhibition constants 𝐾𝐼𝐺
𝐺  and 𝐾𝐼𝐴

𝐴  with non-linear 

regression (Table 3.2). The variables used for the parameter estimation were concentrations 

of biomass and of glucose or acetate, respectively. To this end, the built-in function lsqnonlin 

from MATLAB® was used. When the glucose batches were completed, fed-batch operation 

was started to measure the yield coefficient of oxygen on glucose (𝑌𝑂𝐺) by linear regression 
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(Table 3.2). All linear regressions were carried out with the built-in function regress from 

MATLAB®. Due to the noise of the oxygen data in the latter case, outliers were detected and 

removed using the built-in outlier diagnosis method of regress. For all estimated parameters, 

95% confidence intervals were calculated (Table 3.2). Finally, besides the performance of 

calibration trials, a standard glucose batch and a fed-batch fermentation were performed for 

model testing.  

The measured 𝜇𝐺𝑚𝑎𝑥 for B. licheniformis is similar to that of E. coli [63]. Furthermore, acetate 

was found to be the main overflow metabolite in both species [61]. Based on that information, 

literature values from E. coli [63] for the maximum specific growth rate on acetate (𝜇𝐴𝑚𝑎𝑥), the 

affinity constant for acetate (𝐾𝐴) and for glucose (𝐾𝐺) were tested with B. licheniformis data. 

These values resulted in an adequate model fit and were therefore used for further model 

definition. Furthermore, maintenance coefficients were also extracted from the literature or 

calculated.  

According to Heijnen and Roels [211], the value of the maintenance coefficient of oxygen (𝑚𝑂) 

depends on the temperature and its order of magnitude can be estimated with empirical 

correlations. Following this approach, Garcia-Ochoa et al. established a value of 𝑚𝑂 for the 

biomass molecular formula CH1.79O0.5N0.20 [212] (Table 3.2). This value was used for the 

definition of the B. licheniformis model without further experimental calibration.  

The value of the maintenance coefficient of glucose (𝑚𝐺) was established to be the same as 

for B. licheniformis T380B [197]. As glucose and acetate have the same degree of reduction, 

the maintenance coefficient of acetate (𝑚𝐴) was determined to be the same as 𝑚𝐺 [211] using 

a C-mol basis for the calculation. 

3.2.3. Strain, growth conditions and reactor operation 

The proprietary recombinant B. licheniformis strain SJ4628, derived from DN286, was used 

in this work [213]. For propagation, frozen bacteria were thawed, grown on agar plates [157] 

and then used to inoculate a 20-L seed reactor (Infolabel AG, Switzerland) with a working 

mass of 10 kg. The seed fermenter was run for 16 h at 37 °C and pH 7. The main tanks were 

of the same type as the seed reactor. They were inoculated with 10% of their working volume 

with seed broth and run under the same temperature and pH conditions. The working mass 

in the main tanks ranged between 7 and 15 kg. The medium composition for both seed and 

main fermentations has been described by Johnsson et al. [157]. For the batch operation, the 

medium was enriched with 14.6 g L-1 sodium acetate or 17.3 g L-1 glucose monohydrate. In 

accelerostat fermentations, the feed contained medium and 2.55% (w/w) of anhydrous 
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glucose, while it consisted of 64% (w/w) anhydrous glucose in fed-batch operation. The 

temperature, pH, dissolved oxygen concentration (DO) and the concentration of oxygen and 

carbon dioxide in the outlet gas were monitored on-line. The mass of the culture was 

monitored and controlled automatically by adjusting the speed of the outflow pump when 

accelerostat fermentations were performed.  

For the accelerostat trials, the culture was firstly stabilised by running a chemostat at a dilution 

rate of 0.1 h-1 and constant process conditions for five residence times. Subsequently, the 

feed rate was increased stepwise by 0.01 h-1, except when dilution rate was higher than 

0.53 h-1, when the feed rate was augmented stepwise by 0.005 h-1. For fed-batch operation, 

an initial feed ramp was used, so the culture could reach 20% of the DO saturation. Then, the 

feed was controlled to keep the culture at that DO level. The fermenters were aerated and 

stirred at constant rates. 

3.2.4. Analytical procedures 

For dry cell weight (DCW) determination, empty glass tubes were weighed prior to the addition 

of 5 mL fermentation broth. The tubes were weighed again and centrifuged (1528 ×g, 4°C, 

20 min). The supernatant was discarded, and the cells were resuspended in 5 mL 9% (w/w) 

sodium chloride. The resuspended cells were centrifuged again, the supernatant was 

discarded, and the cells were resuspended in 10 mL 9% (w/w) sodium chloride. After another 

centrifugation step, the supernatant was discarded and the tubes were stored at 105 °C for at 

least 24 hours [214]. After that, the tubes were weighed a final time and the DCW was 

determined by subtraction of the weight of the empty tube.  

The concentrations of glucose and acetate were quantified using high performance liquid 

chromatography (HPLC) with a refraction index (RI) detector. The column was the Aminex 

HPX-87H (Bio Rad, USA) and the mobile phase consisted of 5 mM H2SO4. The samples were 

acidified at a 9:1 dilution with 5 M H2SO4. The operating temperature was 50 °C and the flow 

rate of the mobile phase was 0.6 mL min-1. 
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3.3. Results and discussion 

3.3.1. Accelerostat fermentations 

Accelerostat fermentations with B. licheniformis SJ4628 were carried out to screen the 

performance of the microorganism for a broad range of specific growth rate levels. When 

using accelerostat data, it was assumed that the culture reached quasi-steady states for each 

dilution rate [215], meaning that the cells were growing at a growth rate equal to the dilution 

rate. The evolution of the process variables during the accelerostat fermentations is presented 

in Figure 3.2A-D.  

To start with, the biomass concentration was maintained approximately at the same level 

(15 g L-1) during the entire fermentation process up to a dilution rate of 0.54 ± 0.05 h-1. This 

value was defined as the maximum specific growth rate (𝜇𝐺,𝑚𝑎𝑥). The culture was 

subsequently washed out, meaning that the dilution rate exceeded the maximum specific 

growth rate (Figure 3.2A). This phenomenon was also observed by the accumulation of 

glucose, the dilution of acetate and the sudden decrease of the oxygen uptake rate (OUR) 

level at the moment of the wash out (Figure 3.2B-D). Before wash out, the measured glucose 

concentration was negligible (Figure 3.2B), pointing out that the culture was growing at 

glucose-limiting conditions. The OUR progress during the fermentation was linear and directly 

correlated to the specific growth rate (Figure 3.2D). Regarding the dynamics of acetate as the 

overflow metabolite, its production started at a dilution rate of 0.22 ± 0.06 h-1 and it showed a 

dramatic increase at a dilution rate of 0.40 ± 0.04 h-1 (Figure 3.2C).  
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Figure 3.2. Measured concentration profiles of biomass (A), glucose (B) and acetate (C) and 
oxygen uptake rate (D) as a function of the dilution rate (circles); measured specific rates for 
glucose uptake (E) and acetate formation (F) as a function of the dilution rate for overflow 
regimes (circles) for triplicate B. licheniformis SJ4628 accelerostat fermentations. For the latter, 
linear regression fits for glucose (R2 = 0.9419) and acetate (R2 = 0.9246) are shown (continuous 
line). 



70 

 

Overflow metabolism has been widely studied in the literature [61], [63], [64], [121] and 

although different enzymes (e.g. phosphate acetyltransferase (PTA)-acetate kinase (ACKA) 

in acetate fermentation in E.coli and pyruvate decarboxylase (PDC)-alcohol dehydrogenase 

(ADH) for ethanol fermentation in S. cerevisiae) catalyse fermentative pathways among 

various hosts, it presents the same impact on the specific rates of growth, glucose and oxygen 

consumption and acetate uptake and formation. Åkesson et al. showed a clear way to 

represent this phenomenon by plotting the specific rates of oxygen uptake, growth and acetate 

formation with respect to the specific rate of glucose assimilation [208]. A similar plot based 

on the data from the accelerostat experiments is depicted in Figure 3.3. Based on this 

comparison, it is concluded that B. licheniformis does present overflow metabolism with the 

same impact on the above-mentioned specific rates as presented earlier in the literature for 

other organisms [61], [63], [64], [121]. It is observed that up to the critical rate for glucose 

uptake, 𝑞𝑂 and 𝜇 show a linear increase with 𝑞𝐺. Simultaneously, the q-rate for acetate 

production has such a small value that it can be neglected. It is when the critical value is 

reached (𝑞𝐺,𝑐𝑟𝑖𝑡 = 0.84 ± 0.12 g g-1 h-1) that oxygen uptake becomes limiting and consequently 

its slope with 𝑞𝐺 becomes less steep (Figure 3.3). This phenomenon is analogous with the 

specific growth rate. Furthermore, after the switch, 𝑞𝐴 increases substantially in a linear 

manner (Figure 3.3). Although acetate production already started before, it was determined 

not to be due to overflow metabolism owing to two reasons. On the one hand, there was no 

apparent effect on the respiratory activity, meaning that the production of acetate did not 

influence the 𝑞𝑂 dynamics. On the other hand, although acetate was produced, its maximum 

concentration value in the oxidative regime was rather low (0.45 ± 0.24 g L-1). In a previous 

study [216] involving modeling of Bacillus subtilis metabolism using flux balance analysis 

[217], the formation of acetate at low dilution rates was also measured in chemostat 

experiments. Metabolic flux balance analysis allowed the prediction of acetate by maximizing 

excess production of ATP per enzymatic reaction metabolism. Similarly, this could be an 

explanation for B. licheniformis acetate production prior to overflow [6]. 

The accelerostat data was further used to determine the yield coefficients of glucose and 

acetate in overflow metabolism (𝑌𝑋𝐺
𝑂𝑓

 and 𝑌𝑋𝐴
𝑂𝑓

, respectively) by performing linear regression of 

the q-rates on the specific growth rate (Figure 3.2E and F).  
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Figure 3.3. Evolution of specific rates for oxygen uptake (black), growth (red) and acetate 
formation (blue) in respect to the specific rate for glucose uptake from a theoretical perspective 
(continuous lines) and based on the experimental data of the accelerostat fermentations 
(circles). The dashed line represents the critical glucose uptake rate at which the shift between 
oxidation and overflow metabolisms occur. The theoretical line plots are inspired by [208]. 

3.3.2. Batch and fed-batch fermentations 

Besides the performance of accelerostat fermentations, model calibration also relied on batch 

and fed-batch operation. With the help of these trials, the values of the inhibition constants of 

acetate (𝐾𝐼𝐴
𝐴 ) (Figure 3.4 A and B) and glucose (𝐾𝐼𝐺

𝐺 ) (Figure 3.5A and B), the yield coefficients 

of biomass on acetate (𝑌𝑋𝐴
𝑂𝑥) (Figure 3.6A) and glucose (𝑌𝑋𝐺

𝑂𝑥) (Figure 3.6B) and the yield of 

oxygen on glucose (𝑌𝑂𝐺) (Figure 3.6C) were determined. The resulting value of 𝑌𝑂𝐺 equaled 

0.43 ± 0.03 g g-1, which is in agreement with oxygen yield values for substrates with the degree 

of reduction of glucose reported in the literature [211]. This parameter was subsequently used 

for the calculation of the yield of biomass on oxygen 𝑌𝑋𝑂, which corresponds to the quotient 

between 𝑌𝑋𝐺
𝑂𝑥 and 𝑌𝑂𝐺. The values and the upper and lower bounds for the 95% confidence 

intervals for all parameters are shown in Table 3.2. 
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Figure 3.4. Measured concentrations of biomass (A) and acetate (B) and oxygen uptake rate (C) 
profiles during duplicate B. licheniformis SJ4628 batches with acetate as the carbon source 
(circles). Non-linear regression fits for biomass and acetate are shown (continuous line). 
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Figure 3.5. Measured concentrations of biomass (A), glucose (B), acetate (C) and oxygen uptake 
rate (D) profiles during duplicate B. licheniformis SJ4628 batch and fed-batch cultivations with 
glucose as the carbon source (circles). Non-linear regression fits for biomass and glucose 
concentrations during the batch phase are shown (continuous line). 
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Figure 3.6. Calculation of yield coefficients for the yield of biomass on acetate (A) and on 
glucose (B) in the oxidative regime and the yield of oxygen on glucose (C) for B. licheniformis 
SJ4628. Experimental data (circles) for subplots A, B and C correspond to Figures 3.5 for acetate 

and 3.4 for glucose. Linear regression fits (continuous line) for 𝒀𝑿𝑨
𝑶𝒙 (R2 = 0.9799), 𝒀𝑿𝑮

𝑶𝒙  (R2 = 

0.9236) and 𝒀𝑶𝑮 (R2 = 0.9597) are shown for the concentrations of biomass on acetate (A), 
biomass on glucose (B) and for the amount of oxygen on glucose (C), respectively. 
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Table 3.2. Estimated model parameter values and their lower (LB) and upper (UB) bounds for 
the kinetic model of B. licheniformis SJ4628. 

Parameter Units Value LB UB Reference 

𝜇𝐴,𝑚𝑎𝑥 h-1 0.22 n.a. [218] 

𝜇𝑐𝑟𝑖𝑡 h-1 0.40 0.36 0.44 Figure 3.2C 

𝜇𝐺,𝑚𝑎𝑥 h-1 0.54 0.49 0.59 Figure 3.2 

𝐾𝐴 g L-1 0.05 n.a. [218] 

𝐾𝐺  g L-1 0.05 n.a. [63] 

𝐾𝐼𝐺
𝐺  g L-1 2.18 1.77 2.59 Figure 3.5A and B 

𝐾𝐼𝐴
𝐴  g L-1 1.00 0.80 1.20 Figure 3.4A and B 

𝑚𝐴 g g-1 h-1 3.55·10-2 n.a. [197], [211] 

𝑚𝐺 g g-1 h-1 3.60·10-2 n.a. [197] 

𝑚𝑂 g g-1 h-1 3.20·10-2 n.a. [211], [212] 

𝑞𝐺,𝑐𝑟𝑖𝑡 g g-1 h-1 0.84 0.72 0.96 Figure 3.3 

𝑌𝑂𝐺  g g-1 0.43 0.40 0.46 Figure 3.6C 

𝑌𝑋𝐴
𝑂𝑓

 g g-1 2.16 1.55 3.57 Figure 3.2F 

𝑌𝑋𝐴
𝑂𝑥 g g-1 0.29 0.25 0.33 Figure 3.6A 

𝑌𝑋𝐺
𝑂𝑓

 g g-1 0.22 0.16 0.33 Figure 3.2E 

𝑌𝑋𝐺
𝑂𝑥 g g-1 0.50 0.24 0.76 Figure 3.6B 

 

After calibration, the prediction capability of the model was tested in an oxygen-sufficient batch 

and fed-batch fermentation with glucose as the carbon source. The mass balances were 

closed satisfactorily with normalised root mean sum of squared errors (NRMSSE) values of 3 

and 9% for carbon and nitrogen, respectively. The NRMSSE was calculated as shown in 

Equation 3.30. 

𝑁𝑅𝑀𝑆𝑆𝐸 =
√1
𝑛
∑ (𝑦𝑖𝑛,𝑖 − 𝑦𝑜𝑢𝑡,𝑖)

2𝑛
𝑖

𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛
(3.30)

 

The feed mass rate was extracted from the experimental data, so only the biological part of 

the fermentation was simulated. The simulation results are depicted in Figure 3.7.  
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Figure 3.7. Comparison between model prediction (continuous line) and measurements (circles) 
for a B. licheniformis SJ4628 lab-scale fed-batch fermentation. The normalised concentrations 
of biomass (A), glucose (B) and acetate (C) and the oxygen uptake rate (D) are depicted. 

To quantify model accuracy, the NRMSSE was also calculated for the concentrations of 

biomass, glucose and acetate and for the oxygen uptake rate. The predictions of biomass and 

glucose concentrations and of the oxygen uptake rate had a high accuracy with NRMSSE 

values of 4.53, 10.1 and 7.89%, respectively. On the other hand, the precision of the acetate 

concentration prediction had a value of 32.4%. This value is rather low considering that the 

model did not capture the formation of acetate at any point during the fermentation. The 
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reason is the negligible level of acetate production even at high glucose concentration values, 

i.e. during the batch phase. Although significant acetate formation was found during 

accelerostat operation, substrate inhibition plays an important role in B. licheniformis SJ4628 

uptake kinetics, impeding the achievement of high growth rates (Equation 3.2) and 

consequently high specific uptake rates in batch and fed-batch operation. For instance, the 

maximum substrate uptake rate attainable taking into account inhibition is 0.89 g g-1 h-1, which 

corresponds to 80% of the theoretical maximum that could be achieved without inhibition. 

Besides challenging the occurrence of overflow metabolism by decreasing 𝑞𝐺 and therefore 

rising the characteristic time of glucose consumption, substrate inhibition also makes the 

window for the occurrence of overflow metabolism smaller by greatly decreasing the proximity 

between the substrate uptake threshold value at which overflow metabolism 

starts (𝑞𝐺,𝑐𝑟𝑖𝑡=0.84 ± 0.12 g g-1 h-1) and the maximum specific glucose uptake rate. Substrate 

inhibition has also been reported in Escherichia coli [111], although its impact is not 

comparable with that of B. licheniformis. This is observed by contrasting their inhibition 

constants, for which E. coli presents a significantly higher value of 46.9 ± 7.32 g L-1 in respect 

to 2.18 ± 0.41 g L-1 of B. licheniformis. For other workhorses in the fermentation industry, such 

as Saccharomyces cerevisiae and Penicillium chrysogenum, no significant substrate inhibition 

has been reported to our best knowledge.  

In view of the above observations, it is concluded that the model was successfully validated 

for the full oxidation regime, where process variables presented adequate accuracy. 

Moreover, the occurrence of overflow metabolism is not greatly expected in batch and/or fed-

batch processes, seeing the strong negative effect of substrate inhibition on the substrate 

uptake rate level. Thus, the presence of acetate due to overflow metabolism is not likely. 

However, under oxygen limitation acetate could be formed and not taken up. In conclusion, 

acetate might be a good metabolic marker for oxygen limitation, but not for aerobic overflow 

metabolism. 

3.3.3. Model comparison 

The distinct metabolic behaviour described in this chapter has already been reported in the 

literature for other organisms [28], [61], and some of the conditions have also been modelled 

for S. cerevisiae [64], E. coli [63], [121] and P. chrysogenum [9]. Nevertheless, this is the first 

time that growth, substrate uptake and by-product formation and assimilation kinetics of B. 

licheniformis have been investigated in detail. 
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While the kinetic model of P. chrysogenum emphasises the characterisation of product 

formation and growth, the previous work on E. coli and S. cerevisiae kinetics describes 

oxidation, overflow and oxygen limitation at different concentrations of glucose and oxygen. 

The basis of the model for B. licheniformis follows the approach of the latter. However, there 

are two main differences between the models available in the literature and the model 

described here concerning the determination of oxygen uptake and the presence of 

maintenance. The equations and approaches used to model oxygen uptake in the models 

further discussed and compared with the B. licheniformis model are summarized in Table 3.3.  

Table 3.3. Mathematical expressions and approach followed for the specific rate of oxygen 
uptake for several microorganisms widely used in industrial fermentation processes. 

Microorganism 𝒒𝑶 Approach Ref 

Bacillus 
licheniformis 

−min(

𝜇

𝑌𝑋𝑂
+𝑚𝑂,

𝜇𝑐𝑟𝑖𝑡
𝑌𝑋𝑂

+𝑚𝑂

) (3.31) 
Stoichiometry and 

maintenance. 
This 
work 

Escherichia coli 

−(𝑞𝐺,𝑂𝑥
𝑒𝑛 𝑌𝑂𝐺 ≤ 𝑞𝑂,𝑚𝑎𝑥) (3.32) 

Stoichiometry. 
Maintenance from 
glucose uptake. 

[63] 

−((𝑞𝐺 − 𝑞𝐺
𝑂𝑓
)

𝐷𝑂

𝐷𝑂 + 𝐾𝑂
−𝑚𝐺)𝑌𝑂𝐺 (3.33) 

Stoichiometry 
combined with Monod. 

Maintenance from 
glucose uptake. 

[121] 

Penicillium 
chrysogenum 

−(0.25(4𝑞𝐺 + 36𝑞𝑝 − 4.154𝜇 − 74𝑞𝑝)) (3.34) 
Stoichiometry by 

calculating the degree 
of reduction balance. 

[9] 

Saccharomyces 
cerevisiae 

−
𝑞𝑂,𝑚𝑎𝑥𝑂

𝑂 + 𝐾𝑂
(3.35) Monod. [64] 

 

Besides S. cerevisiae, all models follow stoichiometry to calculate the specific oxygen uptake 

rate (𝑞𝑂) with minor deviations. The Herbert-Pirt approach [207] is followed in the current work 

to calculate the specific oxygen uptake rate (𝑞𝑂) (Equation 3.31). Therefore, oxygen uptake 

depends on the specific growth rate connected to a stoichiometric yield and on a maintenance 

coefficient. In E. coli, two slightly different approaches are followed for oxygen uptake. On the 

one hand, Xu et al. [63] rely on stoichiometry and calculate 𝑞𝑂 based on the energetic oxidative 

specific glucose uptake rate (𝑞𝐺,𝑂𝑥
𝑒𝑛 ) (Equation 3.32). 𝑞𝐺,𝑂𝑥

𝑒𝑛  already includes maintenance 

requirements, so Xu et al. [63] are implicitly applying Herbert-Pirt’s approach. On the other 

hand, Anane et al. [121] follow a similar strategy accounting for stoichiometry and 

maintenance (Equation 3.33), with an additional Monod expression accounting for the 

dissolved oxygen concentration with respect to the saturation value (DO) and the affinity 
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constant for oxygen (𝐾𝑂) as a stability constant for the simulation. The introduction of a Monod 

expression was not required in B. licheniformis, since the oxygen uptake rate prediction 

already represented validation results satisfactory (Figure 3.7D). Douma et al. [9] calculate 𝑞𝑂 

for P. chrysogenum from the degree of reduction balance (Equation 3.34). This approach is 

well-founded because the model predicts all substantial variables of the system, such as 

concentration of product, carbon dioxide and/or other abundant metabolites. Furthermore, 

oxygen maintenance in P. chrysogenum is not taken explicitly into account because it is 

already considered in the mass balances as long as they are satisfactorily closed. The end-

application of the B. licheniformis model is the prediction of glucose and dissolved oxygen 

concentration gradients by subsequently combining it with CFD models. Hence, minimising 

the number of state variables to reduce the computational cost was sought. This is the reason 

why the mass balance approach used by Douma et al. [9] was avoided. The last approach 

used for the prediction of oxygen uptake was the use of Monod kinetics in S. cerevisiae 

(Equation 3.35) [64], pinpointing that respiration depends on the availability of oxygen. In the 

current work and the models developed for E. coli [63], [121] and P. chrysogenum [9], oxygen 

uptake is correlated to sugar assimilation using stoichiometry, so respiration will only occur if 

a carbon source is consumed. These definitions are more intuitive than using a Monod 

function for oxygen uptake, since larger oxygen uptake rate levels will be found in regions 

where more substrate is consumed. Glucose uptake in all reviewed models from the literature 

use a Monod expression for glucose uptake. Furthermore, E. coli [63], [121] and P. 

chrysogenum [9] models subtract the glucose fraction that goes to maintenance when 

calculating growth, achieving the same kinetics as in our B. licheniformis model. Nevertheless, 

the model of S. cerevisiae [64] neglects glucose maintenance. Industrial baker’s yeast 

fermentation processes are run as fed-batch trials with the purpose to maximise cell density 

in the shortest amount of time [219]. As a result, S. cerevisiae is grown at relatively high rates 

(𝜇 ≈ 0.20 h-1), just below the critical specific growth rate level that prevents overflow 

metabolism [73], [219]. Faster growth rates imply that a larger fraction of the fed carbon source 

is going towards growth rather than to maintenance. Thus, maintenance plays a minor role in 

such conditions and can in some cases be neglected. This simplification has also been made 

in batch fermentations with lactic acid bacteria where the specific growth rate corresponds to 

the maximum [125]. But for fed-batch processes such as of B. licheniformis, E. coli and some 

fungal fermentation processes, the presence of maintenance coefficients for glucose and 

oxygen uptake might not be trivial. For example, Albaek et al. [8] highlighted the importance 
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of glucose and oxygen maintenance coefficients when performing a sensitivity analysis on 

Trichoderma reesei fermentation processes.  

The comparison between models from different organisms allows the identification of 

analogous mechanisms behind the principles of the majority of models discussed, namely the 

use of Monod expressions to describe glucose uptake and the calculation of specific rates 

based on yield and maintenance coefficients. From that point, simplifications can be done 

depending on the type of process the model is aimed to describe. For fermentation processes 

operating at low growth rates, such as most fed-batch processes, maintenance greatly 

contributes to the determination of substrate uptake seeing the negligible effect of growth. 

Consequently, modelling of maintenance is strongly advised to be taken into account in such 

processes. 

 

3.4. Conclusions 

A mechanistic model for B. licheniformis SJ4628 with five different metabolic regimes (glucose 

starvation; oxidation; overflow; oxygen limitation and glucose starvation; oxygen limitation) 

has been constructed and tested with experimental data. The transition between regimes 

depends on the metabolic state of the cell, i.e. on the specific growth rate and uptake levels 

for glucose and oxygen. The model is able to predict growth, glucose and oxygen uptake and 

acetate cycling in non-homogeneous conditions and is ultimately to be used as a tool for the 

assessment of gradients in fermentation processes. The model setup allows the well-defined 

differentiation of spatio-temporal variations of the distinct expression levels of the metabolic 

regimes in the bioreactor, ultimately providing an easy identification and quantification of the 

impact of the environmental oscillations of substrate and dissolved oxygen concentrations on 

B. licheniformis physiology and fermentation process performance. Thus, the next step to 

perform the evaluation of gradients in B. licheniformis fermentation processes will be the 

combination of this kinetic model with CFD and/or compartment models. Although the model 

is able to describe the behaviour of B. licheniformis under many different conditions, it still 

holds sufficient simplicity to prevent excessive computational cost in a CFD simulation and 

fulfils the fitness-to-purpose criterion sought. Model simplification has been achieved by 

minimising the number of state variables to be solved, which directly influences the 

computational cost of CFD simulations, as well as setting up first-principles models that 

satisfactorily describe the system dynamics without involving complex calculations and aiming 

at reducing the number of model parameters needed. Before combining it with fluid dynamics 
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models, the model already foresees that glucose concentration gradients causing overflow 

metabolism are not likely to be a risk in B. licheniformis fermentation processes due to the 

strong substrate inhibition that considerably narrows the window for overflow metabolism 

development. Nevertheless, the investigation of conditions leading to glucose starvation and 

oxygen limitation are still of interest. Finally, maintenance has been shown to play an 

important role for the adequate modelling of the uptake rates of glucose and oxygen in B. 

licheniformis fermentation processes and similar ones (i.e. fed-batch processes with low 

specific substrate uptake rate) since the carbon fraction that goes to maintenance becomes 

sensitive to the model with decreasing growth rate.  
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Chapter 4 

Numerical evaluation of fluid dynamics and mass 

transfer of aerobic fed-batch fermentation processes 

with Computational Fluid Dynamics (CFD)  
 

Abstract 

The investigation of fluid dynamics and mass transfer in large-scale bioreactors is of great 

interest as they are essential parameters affecting the development of gradients that can 

negatively influence process performance. To this end, Computational Fluid Dynamics (CFD) 

modelling has been used to describe fluid flow in many bioreactor systems. This technique 

provides a high level of detail in the results at the expense of a large computational demand. 

It is for this reason most studies in the literature only investigate a single snapshot of a 

particular fermentation process, normally corresponding to the largest (final) fermentation 

volume in fed-batch processes. Consequently, there is not a detailed idea of the evolution of 

fluid dynamics and mass transfer during the fermentation in many different bioreactor types.  

This chapter presents a methodical CFD study. Three different reactor systems (two stirred 

tanks and a bubble column) have been simulated. Distinct operational conditions involving 

low and benchmark settings for aeration rate, headspace pressure and power input have been 

tested. The simulations have been performed at industrial scale (40, 60 and 90 m3), 

representing three different points of aerobic fed-batch fermentation processes. The results 

show the operational differences in terms of flow pattern and magnitude, gas hold-up, overall 

mass transfer coefficient and oxygen transfer rate between the different fermenter systems, 

and their evolution over the fermentation volumes.  

The CFD models presented here need to be combined with microbial kinetics for the complete 

evaluation of the impact of gradients on fermentation processes However, these results 

already show valuable information for the understanding of the operational conditions that 

may lead and/or enhance gradient development in aerobic fed-batch processes. 
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4.1. Computational methods 

4.1.1. Computational fluid dynamics (CFD) modelling 

Geometries and meshes 

The objective of this work was to model the fluid dynamic behaviour of three different reactor 

systems (two stirred tanks and a bubble column). This was done in three different stages, 

corresponding to total volumes of approximately 40, 60 and 90 m3, resembling aerobic fed-

batch fermentation processes with bacteria and/or yeast. The meshes of the stirred tanks 

were generated with ANSYS Fluent Meshing 2019 R3, while the mesh of the bubble column 

was made using ANSYS meshing 2019 R2. Subsequently, the models were set up, run and 

post-processed using ANSYS CFX 19.2.  

For the bubble column simulations, one mesh was used for all cases, with the liquid volume 

being varied by changing the initial liquid height. The simulation was initialised using a step 

function, which set the liquid volume fraction in the bottom portion of the column to be 1 and 

0 in the upper portion of the column. As the simulation progressed the height of the two-phase 

mixture increased (as is physically correct). Values of 3.38, 4.85 and 6.73 m were used for 

the initial liquid heights.  

For the stirred tank reactors, the mesh was changed to increase the computational efficiency. 

The fluid region was split into two domain types: the tank and the impellers. The tank domain 

consisted of the stator part and contained the following internals: four baffles, coils (11, 18 

and 28 coils for 40, 60 and 90 m3, respectively), a ring sparger and the shaft. Each impeller 

domain contained a single impeller and a small section of the shaft to ensure continuity with 

the tank domain. Two different types of impeller configurations were tested. In one case all 

impellers were Rushton turbine disks (RTDs), while in the other, the bottom impeller was also 

a RTD, but the remaining impellers were down-pumping A310 hydrofoils (A310).  

The dimensions of the bubble column and the stirred tank reactors and the number of mesh 

elements of each case study are summarised in Tables 4.1 and 4.2, respectively. The 

isometric projection and the top view of the bubble column mesh and of the 90 m3 mesh for 

the stirred tank reactor are shown in Figure 4.1. In Figure 4.2, the internal surface mesh of the 

tank domain of the stirred tank reactors is shown, as well as the surface mesh for the two 

types of impellers used.  
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Table 4.1. Geometrical dimensions of the systems used in this study. All dimensions are in mm. 

Geometrical dimension Bubble column Stirred tank 

Baffle base n.a. 349 

Baffle height n.a. 9643 

Baffle width n.a. 5 

Coil diameter n.a. 174 

Coil off-bottom clearance n.a. 881 

Coil spacing n.a. 349 

Impeller diameter n.a. 936 

Impeller spacing n.a. 2320 

Tank height 10700 

40 m3: 4780 

60 m3: 7070 

90 m3: 10464 

Tank diameter 3470 3476 

Shaft diameter n.a. 200 

Sparger diameter 3270 1404 

Sparger off-bottom clearance 200 655 

Sparger (internal ring) 
diameter 

n.a. 234 

Off-bottom clearance n.a. 1271 

 

Table 4.2. Number of mesh elements of all CFD models utilized. 

Case study 
Impeller 

configuration 
Mesh elements [#] 

Bubble column n.a. 270,556 

Stirred tank, 40 m3 
2 RTD 3,426,543 

1 RTD + 1 A310 2,435,063 

Stirred tank, 60 m3 
3 RTD 5,193,675 

1 RTD + 2 A310 3,210,560 

Stirred tank, 90 m3 
4 RTD 7,089,034 

1 RTD + 3 A310 4,122,049 
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Figure 4.1. Top view of the bubble column mesh (A) and the 90 m3 stirred tank mesh (B). 
Isometric perspective of the bubble column mesh (C) and the 90 m3 stirred tank mesh (D). 
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Bubble column Stirred tank
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Figure 4.2. Stirred tank XY view of the internal surface mesh of the tank domain for the fluid 
volumes of 40 m3 (A), 60 m3 (B) and 90 m3 (C). Isometric perspective of the two type of impellers 
used: a Rushton turbine disk (D) and a hydrofoil A310 (E). 

A B C

D E

40 m3 60 m3 90 m3

Rushton turbine disk Hydrofoil A310
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CFD modelling set-up 

The Euler-Euler approach was used to describe the two-phase (gas-liquid) flow. Interphase 

momentum transfer was considered to arise from drag and turbulent dispersion. The Favre 

averaged drag model developed by Burns et al. [220] was used to model turbulent dispersion. 

For the bubble column, drag was modelled using the Grace correlation [221] for a single 

bubble, a modified form of the volume fraction term developed by Simonnet et al. [222] and 

an empirical term to account for the presence of surfactant in the medium [25], [28]. For the 

stirred tank reactors, drag was modelled using the Ishii-Zuber correlation [223].  

The standard k-ε model was used to model liquid-phase turbulence; the source terms 

developed by Yao and Morel [224] were included to account for bubble-induced turbulence. 

The dispersed phase zero equation option was used to model turbulence in the gas phase. 

The bubble diameter (𝑑𝐵) varied as a function of the absolute pressure (𝑃𝑎𝑏𝑠) to account for 

the expansion of the gas as the bubbles rise through the reactor. A diameter of 5 mm was set 

at the outlet (𝑑𝐵,𝑜𝑢𝑡), this being the measured value for fermentation medium in bubble column 

experiments [225]. In practice, bubbles in industrial fermentation processes may present a 

size distribution rather than a single size value. Nevertheless, a previous CFD study with 

bubble columns has shown that a constant bubble size provides a good prediction in terms of 

mixing time and bubble terminal velocity [226]. Furthermore, the use of population balance 

approaches such as multiple size distribution group models (MUSIG) did not improve the 

prediction in comparison with single bubble size models, since the volume of small bubbles 

was overestimated [227]. MUSIG models in comparison with single bubble size distribution 

models had a significantly higher computational demand, leading to solving times up to two 

times higher [227]. With this in mind, a single bubble size was selected. The mathematical 

expression of the bubble diameter is shown in Equation 4.1, where 𝑃𝑟𝑒𝑓 corresponds to the 

reference pressure (i.e. the pressure at the outlet, Equation 4.2) and 𝑃𝑎𝑏𝑠 to the absolute 

pressure.  

𝑑𝐵 = 𝑑𝐵,𝑜𝑢𝑡√
𝑃𝑟𝑒𝑓

𝑃𝑎𝑏𝑠

3

(4.1) 

𝑃𝑟𝑒𝑓 = 𝑃ℎ𝑒𝑎𝑑 + 𝑃𝑎𝑡𝑚 (4.2) 

In Equation 4.2, 𝑃ℎ𝑒𝑎𝑑 corresponds to the headspace pressure, whose value corresponded to 

1 bar for six case studies involving stirred tank simulations (Table 4.5), and 𝑃𝑎𝑡𝑚, to the 

atmospheric pressure (1 atm). 



89 

 

The liquid density was set to 1050 kg m-3 [209]. The broth viscosity value was varied in order 

to be representative of the fermentation stage. Thus, it was set to 6.92×10-4, 2.08×10-3 and 

4.15×10-3 Pa s for the 40, 60 and 90 m3 cases, respectively. In the smallest volume, this value 

corresponds to the viscosity of water at 37 °C, the fermentation temperature set point. In the 

larger volumes, a three- and a six-fold increase in the viscosity were assumed to mimic the 

viscosity increase due to increased biomass concentration in fed-batch operation [228], 

respectively. Properties for air at 25 °C were used for the gas phase. For the stirred tank 

reactors, the air density (𝜌𝐺) was calculated following the ideal gas law (Equation 4.3): 

𝜌𝐺 =
𝑃𝑎𝑏𝑠

𝑅 × 𝑇𝑒𝑚𝑝 ×𝑀𝑤,𝐺
(4.3) 

where 𝑅 is the ideal gas law constant, 𝑇𝑒𝑚𝑝 is the fermentation temperature (310.15 K) and 

𝑀𝑤,𝐺 corresponds to the molecular weight of air. It was assumed that the processes were 

isothermal (i.e. no energy equations were solved).  

In the bubble column, a tree type sparger was simplified, with air being introduced at semi-

circular areas corresponding to the “stems” of the tree sparger. This approach was used 

previously and showed good agreement with a more complex tree type sparger design. A 

detailed description can be found in [229]. A ring sparger was set in the stirred tank cases 

(Figure 4.2A-C), with the upper half introducing air to the reactor representing the holes in the 

top face. In both cases, an inlet boundary condition was used, with a fixed mass flow rate. 

The air mass flow rate in the bubble column was volume-dependent and corresponded to 0.5 

or 1 vvm. In contrast, the mass flow rate for the stirred tank reactors was set at 0.5 or 1 vvm 

at the initial volume (40 m3) and it was kept constant for the other volumes. This was done 

with the aim of avoiding impeller flooding. A summary of the mass flow rates and the superficial 

velocities in each case studied is provided in Table 4.3. 

In both bubble column and stirred tank reactors, wall boundary conditions (in the STR, also 

including internal hardware) were modelled as free slip for the gas phase and no slip for the 

liquid. In the stirred tank cases, the transient rotor stator frame change model was used to 

describe the interface between the tank and impeller domains. Furthermore, the column outlet 

was modelled as an opening, at zero gauge pressure. In contrast, the outlet of the stirred tank 

reactors was modelled with the degassing boundary condition.  

To test the validity of the degassing boundary condition, the mesh of the 40 m3 case was 

extended in the vertical axis and a simulation was performed with the same type of outlet as 

the bubble column. Both simulation results with different outlet boundary conditions presented 

good agreement in terms of velocity field, gas volume fraction and power input per liquid 
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volume (data not shown). Nevertheless, although the pressure difference with the degassing 

boundary condition was correct, the absolute pressure drifted, resulting in significantly lower 

values. This phenomenon also occurred in almost all stirred tank cases, as a result of the use 

of a degassing boundary condition in a transient setup where it was unable to adjust the 

pressure properly. This pressure inconsistency did not affect the magnitude and pattern of the 

fluid flow nor the gas volume fraction, as validated with the numerical test. Thus, the absolute 

pressure values were corrected when post-processing the CFD simulation results for 

hydrodynamics and the hydrostatic pressure (Equation 4.7) was calculated and used for the 

estimation of the bubble diameter (Equation 4.1) and the oxygen concentration at saturation 

(Equation 4.6) when kinetics were implemented (Chapter 5). The degassing boundary 

condition was initially selected with the aim of minimising the computational burden, and this 

approach is widely used in bioreactor systems [86], [115], [117]. However, in this work it is 

concluded that it is not an appropriate choice in transient setups and that it should be replaced 

for an opening at zero gauge pressure as a good CFD modelling practice. 

Table 4.3. Mass flow rate and superficial velocities utilised in each case study. 

Reactor 
type 

Volume 
[m3] 

Volumetric flow rate 
[vvm] 

Mass flow 
rate [kg s-1] 

Superficial 
velocity [m s-1] 

Bubble 
column 

40 
0.5 0.44 0.036 

1 0.87 0.071 

60 
0.5 0.65 0.053 

1 1.31 0.107 

90 
0.5 0.97 0.079 

1 1.93 0.158 

Stirred tank  
40, 60, 

90 

0.5 (of the initial 
volume) 

0.40 0.032 

1 (of the initial 
volume) 

0.79 0.079 

 

In order to capture realistic behaviour, it was necessary to solve the systems as transients 

with a relatively long averaging time. For the bubble column, a time-step size of 1 ms was 

used. For the stirred tank reactors, the time-step size was calculated depending on the 

agitation speed. The timestep was chosen so that the maximum impeller rotation did not 

exceed 5°. By doing that, a representative timescale was calculated, so all transient 

phenomena could be modelled appropriately. In Table 4.4, the agitation speed and time-step 

size are summarised for the stirred tank cases.  
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Table 4.4. Agitation speed and time-step size for each stirred tank reactor case study. The value 
of the time-step size depends on the agitation speed and ensures that no more than 5° of 
rotation occurs in each iteration. 

Volume 
[m3] 

Impeller type and 
number 

Agitation speed 
[rpm] 

Time-step size  
[ms] 

40 2 RTD 
60 10 

110 8 

60 3 RTD 
70 10 

115 7 

90 4 RTD 
80 10 

140 6 

40 1 RTD + 1 A310 
80 10 

140 6 

60 1 RTD + 2 A310 
90 9 

160 6 

90 1 RTD + 3 A310 
100 8 

180 5 

 

Two agitation speed settings were used, resulting in power input per liquid volume values 

(𝑃𝑖/𝑉𝐿) of 1±0.5 and 4±0.5 kW m-3. The 𝑃𝑖/𝑉𝐿 was monitored as an expression during the 

solving of the CFD simulations. The mathematical expression is shown in Equation 4.4: 

𝑃𝑖
𝑉𝐿
=
∑𝑇𝐼𝑚𝑝 × 2 × 𝜋 × 𝑁

𝑉𝑇 × (1 − 𝛼𝐺)
(4.4) 

where 𝑇𝐼𝑚𝑝 corresponds to the torque of each impeller, 𝑁 to the agitation speed, 𝑉𝑇 to the 

total mixture volume and 𝛼𝐺 to the gas hold-up. The transient average 𝑃𝑖/𝑉𝐿 values are 

reported in Table 4.5. 

The high-resolution advection scheme was used, with a first order scheme being used for the 

turbulence equations, the second-order backward Euler scheme was used for the transient 

terms. Here we have used the coupled solver for the volume fraction term. Generally, 1-5 and 

5-10 coefficient loops were needed to reduce the RMS residuals below the target value 

(1×10-4) for the bubble column and the stirred tanks, respectively. To solve the fluid dynamics 

of the system, simulations were initially performed for 30 s. Then, transient averages of the 

velocity, the gas volume fraction and the turbulence parameters were taken for 90 s.  

In order to calculate the oxygen transfer rate (OTR) in each mesh cell, the overall mass 

transfer rate (𝑘𝐿𝑎) was multiplied by the driving force resulting from the difference of oxygen 

concentration for gas saturation (𝑂∗) and in the liquid phase (𝑂) as shown in Equation 4.5. 

𝑂𝑇𝑅 = 𝑘𝐿𝑎(𝑂
∗ − 𝑂) (4.5) 
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The oxygen concentration at saturation was calculated using Henry’s law (Equation 4.6).  

𝑂∗ =
𝛼𝑂2𝑃𝑎𝑏𝑠
𝐻𝑂

(4.6) 

In Equation 4.6, 𝐻𝑂 corresponds to the Henry’s law constant for oxygen at 25 ºC 

(790.6 atm L mol-1) [10] and 𝛼𝑂2 stands for the volume fraction of oxygen in the gas phase. In 

all simulations performed, the gas phase oxygen mass fraction equation was not solved, 

meaning that the value of 𝛼𝑂2 was set to the concentration of oxygen in air (20.95% v/v [10]) 

and did not vary during the simulation. This assumption was made in order to run all kinetic 

models and case studies (top and bottom feeding positions) in a single simulation, meaning 

that the values of the OTR are overestimated (e.g. up to 15% assuming a 𝛼𝑂2 of 0.15 at the 

outlet and a logarithmic-mean dissolved oxygen concentration difference (Equation 2.4)). The 

purpose of this work was the computational screening of multiple fermentation process 

scenarios in order to understand their effect on the development of gradients. Thus, the 

evaluation of many case studies was prioritised. Once the most interesting cases are 

identified, they can be simulated with a higher degree of complexity. 

The pressure value used for the bubble column corresponded to the absolute pressure. In the 

stirred tank simulations, because of the physical inconsistencies previously discussed 

regarding the degassing boundary condition, the absolute pressure used in Equations 4.1 and 

4.6 was calculated as in Equation 4.7  

𝑃𝑎𝑏𝑠 = 𝑃𝑟𝑒𝑓 + 𝜌𝐿 × 𝑔 × (𝐻 − 𝑦) × (1 − 𝛼𝐺) (4.7) 

where 𝑔 corresponds to the gravitational constant, 𝐻 to the height and 𝑦 to the 𝑦 coordinate. 

The absolute pressure calculated with Equation 4.7 takes the weighted-volume average gas 

hold-up of the reactor into account, while the absolute pressure automatically calculated with 

the CFD software (i.e. those used for the bubble column simulations) considers the local gas 

volume fraction. Both pressure variables result in approximately the same values. 

The value of 𝑘𝐿𝑎 in each mesh cell was the product of the mass transfer coefficient (𝑘𝐿) and 

the interfacial area per unit volume (𝑎). For the calculation of the interfacial area, the bubbles 

were assumed to be spherical. Hence, Equation 4.8 was used. 

𝑎 =
6𝛼𝐺
𝑑𝐵

(4.8) 

Moreover, 𝑘𝐿 was assumed to be constant and to take a value of 2×10-4 m s-1 in the bubble 

column simulations. This value was measured experimentally for systems containing 

surfactants [105]. For the stirred tank cases, 𝑘𝐿 was calculated using the correlation from 
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Lamont and Scott [104] (Equation 4.9). A different approach to calculate 𝑘𝐿 from that used for 

the bubble column simulations was taken because it is expected that 𝑘𝐿 takes higher values 

in the stirred tanks due to the presence of agitation. Furthermore, the effect of increased 

agitation on the value of 𝑘𝐿𝑎 and on oxygen transfer could also be captured. 

𝑘𝐿 = 0.4 × √𝐷𝑂2 × (
𝜀𝑇 × 𝜌𝐿
𝜇𝐿

)
0.25

(4.9) 

In Equation 4.9, 𝐷𝑂2 corresponds to the diffusivity of oxygen (2.42×10-9 m2 s-1) [10], 𝜀𝑇 is the 

eddy dissipation rate and 𝜇𝐿, the liquid viscosity. The reported 𝑘𝐿 values varied between 

3.11×10-4 and 5.80×10-4 m s-1. 

Table 4.5. Summary of simulations performed with their operational settings. The operational 
condition BM corresponds to “benchmark”, while LS corresponds to “low settings”. 

Case ID 
Volume 

[m3] 
Reactor type/impeller 

configuration 
𝒎𝒂𝒊𝒓 

[kg s-1] 
𝑷𝒊/𝑽𝑳 

[kW m-3] 
𝑷𝒉𝒆𝒂𝒅 
[bar] 

BC_BM_40 44 Bubble column 0.87 n.a. 0 

BC_BM_60 63 Bubble column 1.31 n.a. 0 

BC_BM_90 88 Bubble column 1.93 n.a. 0 

BC_LS_40 43 Bubble column 0.44 n.a. 0 

BC_LS_60 64 Bubble column 0.65 n.a. 0 

BC_LS_90 89 Bubble column 0.97 n.a. 0 

RTD_BM_40 40 Stirred tank, 2 RTD 0.79 4.3 1 

RTD_BM_60 60 Stirred tank, 3 RTD 0.79 4.1 1 

RTD_BM_90 90 Stirred tank, 4 RTD 0.79 3.9 1 

RTD_LS_40 40 Stirred tank, 2 RTD 0.40 0.9 0 

RTD_LS_60 60 Stirred tank, 3 RTD 0.40 0.9 0 

RTD_LS_90 90 Stirred tank, 4 RTD 0.40 0.9 0 

A310_BM_40 40 Stirred tank, 1 RTD + 1 A310 0.79 4.2 1 

A310_BM_60 60 Stirred tank, 1 RTD + 2 A310 0.79 4.2 1 

A310_BM_90 90 Stirred tank, 1 RTD + 3 A310 0.79 4.0 1 

A310_LS_40 40 Stirred tank, 1 RTD + 1 A310 0.40 1.0 0 

A310_LS_60 60 Stirred tank, 1 RTD + 2 A310 0.40 0.9 0 

A310_LS_90 90 Stirred tank, 1 RTD + 3 A310 0.40 0.8 0 
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4.2. Results and discussion 

The variables chosen to evaluate and compare the fluid dynamics and mass transfer of the 

CFD simulation results are the local values of the liquid velocity (velocity in stationary frame 

for stirred tanks), gas hold-up, overall mass transfer coefficient (𝑘𝐿𝑎) and oxygen transfer rate 

(OTR). The performance of different fermenter types (bubble column and stirred tanks) and 

different broth volumes is evaluated, as well as the different operational conditions 

(benchmark (BM) and low settings (LS) for volumetric power input, agitation rates and 

headspace pressure) used within one fermenter type (Table 4.5). For the largest broth 

volume, contour and vector plots of these conditions are presented in Figures 4.4-4.7. The 

depicted planes are those used for the development of compartment models in Chapters 6 

and 8. Their location in the bioreactors is shown in Figure 4.3. The bubble column results of 

the entire plane have not been represented, but just those that include the majority of the 

liquid. The point at which the cut was done was decided by evaluating the sharp increase on 

the gas volume fraction in respect to the height (data not shown). The cuts were performed at 

4.67, 6.70 and 9.24 m and at 4.56, 6.75 and 9.35 m for the BM and LS cases, respectively. 

This caused the total volume to become different than 40, 60 and 90 m3 (Table 4.5). For 

simplicity, we still address these cases as 40, 60 and 90 m3, being aware of the actual 

difference and considering it when processing the data. The overall volume weighted-average 

of the gas hold-up, 𝑘𝐿𝑎 and oxygen concentration at saturation (𝑂∗) are represented in 

Figure 4.8. 

The results shown in Figures 4.4-4.7 correspond to transient average results after 90 s of CFD 

simulation. The need to take relatively long averages to yield meaningful results has 

previously been underlined, based on the high degree of transient behaviour occurring in such 

systems as a result of bubble-induced turbulence [25]. In stirred tank reactors, a governing 

rotational velocity can dampen the transient effect of bubbles. Nevertheless, at aeration rates 

typical for industrial stirred tank reactors (0.5–1 vvm), the system becomes sufficiently 

transient so that it cannot be solved appropriately with steady state approaches.  

The liquid velocity profile is shown in Figure 4.4. The flow patterns of the bubble column are 

characterised by liquid ascending in the middle because of the injection of air, and descending 

near the walls, achieving recirculation of the fluid flow. Although some re-circulation can occur 

in the middle of the column, the main flow pattern normally consists of one large re-circulation 

loop at each side. These results agree with previously reported bubble column flow patterns 
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with the same sparger design [25]. In the RTD cases, eight main re-circulation loops are 

observed. Two loops occur for each RTD impeller one at the top and bottom of the impeller. 

For the A310 cases, five main loops occur, one for each A310 impeller and two for the Rushton 

disk turbine at the bottom of the tank. This is in accordance with measurements in a 30 m3 

stirred tank with similar impeller configurations [97]. The velocity magnitude changed with 

higher volumetric power input and aeration rate, but the flow pattern did not show significant 

changes. 

 

Figure 4.3. Location of the planes (in red) used to display the CFD results and build 
compartment models (Chapters 6 and 8) for all the stirred tanks (A) and the bubble columns 
with benchmark (B) and low settings (C). Although only the largest volume has been depicted, 
the same plane is used for all volumes. In blue, the interfaces between tank and impeller 
domains of the stirred tank reactors are shown. In grey, the walls and internals of the fermenters 
are represented. 

BA C
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Figure 4.4. Transient averages after 90 s of the velocity and of the velocity in the stationary 
frame at working volumes of 90 m3 for the bubble column (BC) and the stirred tanks (RTD and 
A310), respectively. BM and LS refer to the operational conditions (Table 4.5). 
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The gas hold-up distribution is shown in Figure 4.5. Higher gas volume fractions are achieved 

in the bubble column bioreactors in comparison with the stirred tanks at all simulated volumes 

(Figure 4.8A, D and G). Stirred tanks are typically run at lower gas hold-up values (𝛼𝐺  = 0.05-

0.25) [97], [230] in comparison with bubble columns (𝛼𝐺  = 0.20-0.40) [226], [229]. By doing 

this, impeller flooding as a consequence of high air flow rates in both RTD and A310 hydrofoil 

impellers [91] is prevented, avoiding a drop in the power input, inefficient gas dispersion and 

lower OTR levels [91], [231]. By evaluating the stability of the torque in all CFD simulations, it 

was concluded that impeller flooding did not take place in any case studied. 

When comparing the stirred tanks with different impeller configurations (Figure 4.5), it is 

observed that the A310 case presents more homogenous local gas hold-up values than the 

RTD case. This observation also matches with previous CFD work performed with similar 

geometries [117]. In both impeller configurations, there is a higher gas volume fraction close 

to the impellers and at the top of the reactor.  

Finally, a dead spot in terms of gas volume fraction (𝛼𝐺  < 0.10) was observed beneath the 

sparger, in both bubble column and stirred tank cases (Figure 4.5). The increase in power 

input per liquid volume and gas flow rate in stirred tank cases improved the dispersion of the 

gas in that area of the reactor, resulting in comparable gas hold-up, 𝑘𝐿𝑎 and oxygen transfer 

values with the rest of the reactor volume (Figures 4.5-4.7). However, the increase in 

superficial air velocity did not help with the bubble column cases due to the reactor design, 

resulting in unchanging volumes of the dead spot (𝛼𝐺  < 0.10) (Figure 4.5). In that regime, local 

oxygen limitations may potentially affect microbial kinetics which can be studied when 

combining kinetic and CFD models.  
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Figure 4.5. Transient averages after 90 s of the gas hold-up for the bubble column (BC) and the 
stirred tanks (RTD and A310) at working volumes of 90 m3. BM and LS refer to the operational 
conditions (Table 4.5). 
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Subsequently, the 𝑘𝐿𝑎 and OTR distributions were calculated. The OTR was calculated as 

shown in Equation 4.5. It was assumed that the oxygen concentration in the liquid phase was 

at a value of 20% of its saturation. Although the bubble columns presented higher gas hold-

up values, the 𝑘𝐿𝑎 and OTR values were similar or higher in the stirred tank reactors 

(Figure 4.6 and 4.7) for two reasons. First, in the stirred tanks BM cases, a headspace 

pressure of 1 bar was applied to the stirred tank reactors (Table 4.5), resulting into higher 𝑂∗ 

and OTR values (Equations 4.5 and 4.6). Secondly, different approaches were used for the 

determination of 𝑘𝐿. In stirred tank reactors, the use of the correlation from Lamont and Scott 

[104] (Equation 4.9) resulted in 𝑘𝐿 values ranging between 3.11×10-4 and 5.80×10-4 m2 s-1, 

while the value used for the bubble column simulations was constant and significantly lower 

(2×10-4 m2 s-1 [105]). The latter was measured experimentally for a range of hydrophilic and 

hydrophobic surfactants resembling the rheology of fermentation broth in a pilot-scale bubble 

column (𝐻𝐿/𝑇 = 2.63) working with industrially-relevant superficial velocities (0.03-0.11 m s-1) 

and different sparger designs [105]. Furthermore, this constant 𝑘𝐿 value was successfully 

implemented into a CFD simulation of the industrial fermentation process of Saccharomyces 

cerevisiae with a pilot-scale bubble column [28]. 

The use of the 𝑘𝐿 correlation in the STRs also allowed the calculation of higher 𝑘𝐿𝑎 and OTR 

values in regions where the local power input is higher, such as near the impellers and the 

coils. This result matches satisfactorily with the expectations. The resulting volume-weighted 

average range of 𝑘𝐿𝑎 values for the stirred tank reactors (192-528 h-1), resulting from CFD 

simulations (Figure 4.8E and H) matches with literature values from large-scale aerobic 

fermentation processes with S. cerevisiae (𝑘𝐿𝑎 = 144-180 h-1, 𝑃𝑖/𝑉𝐿 = 1.8-2 kW m-3 [21], [86]) 

and Escherichia coli (𝑘𝐿𝑎 = 500 h-1, 𝑃𝑖/𝑉𝐿 = 1.8 kW m-3 [27]). Due to the differences in 

headspace pressure with stirred tank reactors from the literature, the OTR values have not 

been compared but those corresponding to the 𝑘𝐿𝑎. The OTR values for the bubble column 

(Figure 4.7) also match with the abovementioned previous work (3.1 kg m-3 h-1) [28] involving 

the CFD simulation of the fermentation process of S. cerevisiae with a bubble column and 𝑘𝐿 

values equal to those used here. Finally, Humbird et al. [232] suggested realistic OTR values 

for large-scale processes with bubble columns ranging between 1.6 and 4.8 kg m-3 h-1, in 

agreement with the results presented here.  
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Figure 4.6. Transient averages after 90 s of the 𝒌𝑳𝒂 for the bubble column (BC) and the stirred 
tanks (RTD and A310) at working volumes of 90 m3. BM and LS refer to the operational 
conditions (Table 4.5) 
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Figure 4.7. Transient averages after 90 s of the oxygen transfer rate (OTR) for the bubble column 
(BC) and the stirred tanks (RTD and A310) at working volumes of 90 m3. BM and LS refer to the 
operational conditions (Table 4.5). 
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The gas hold-up, 𝑘𝐿𝑎 and 𝑂∗ values for the different working volumes are compared in detail 

in Figure 4.8. In all three configurations, the gas hold-up is rather constant. In the BC BM 

case, a linear regression was performed because of the high regression coefficient obtained 

(R2 = 0.967), although the slope is almost negligible (Figure 4.8A). A linear trend was also 

observed between the 𝑘𝐿𝑎 value and the broth volume in the BC BM case (Figure 4.8B) 

(R2 = 0.998). The increase in the 𝑘𝐿𝑎 was entirely because of increased gas hold-up values, 

as the value of 𝑘𝐿 was constant for all working volumes.  

On the other hand, for the stirred tank reactors, power fits (R2 = 0.973-0.976) were performed 

when the 𝑘𝐿𝑎 data were plotted against the total volume (Figure 4.8E and H), besides in the 

RTD LS case (Figure 4.8E and H).The type of fit was different from the bubble column 

because of the power expression used for the calculation of 𝑘𝐿 (Equation 4.9).  

Finally, the 𝑂∗ values were pressure-dependent, leading to increased levels with higher 

hydrostatic pressure (i.e. larger volumes) (Figure 4.8C, F and I). Due to the added headspace 

pressure in the BM cases of the stirred tank reactors, significantly higher 𝑂∗ values were 

observed in all BM cases when compared with LS cases (Figure 4.8F and I). 

For the cases where a regression was not performed, the average values of the three points 

were calculated. Both the regressions and the average values are subsequently used in 

Chapter 5 to calculate the oxygen transfer rate and the liquid broth mass in fermentation 

process simulations assuming ideal mixing. 
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Figure 4.8. Volume-weighted average gas hold-up, 𝒌𝑳𝒂 and 𝑶∗ results of the CFD simulation 
results after averaging for 90 s for the bubble column (A-C) and the stirred tanks with RTD (D-
F) and A310 impellers (G-I). The black and red markers represent the simulations performed 
under BM and LS conditions, respectively (Table 4.5). The dashed lines show the regressions 
performed in some cases with R2 > 0.97. 
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4.3. Conclusions 

The aim of this chapter was the numerical evaluation using Computational Fluid Dynamics of 

fluid dynamics and mass transfer of several industrial scale bioreactors. The results lead to 

two main findings. 

First, although the velocity magnitude increased significantly with the volumetric power input 

in stirred tank reactors, the flow pattern did not show significant changes. In the bubble column 

bioreactors, significant changes in the flow pattern or velocity magnitude were not observed. 

This knowledge is of interest when developing compartment models, as it is expected that the 

distribution and number of compartments will not change significantly under the different 

operational conditions tested.  

Secondly, because of the distinct designs and operational settings, higher gas hold-up levels 

were achieved in the bubble column bioreactors in comparison with stirred tanks. Thus, the 

manner 𝑘𝐿 is established (with a correlation for the STRs and as a constant value for the BCs) 

plays an important role in the calculation of the overall mass transfer coefficient, resulting in 

comparable or higher values in the STRs regardless of the differences in the gas hold-up with 

the BCs. Hence, the definition of 𝑘𝐿 has direct implications in the oxygen transfer rate, a very 

important process parameter in aerobic fermentation processes with bacteria and yeast. With 

this work, the need to provide realistic 𝑘𝐿 values is emphasised, as it is a very significant 

model parameter which can influence and completely change the model output. 

Finally, although these fluid dynamic models need to be combined with kinetics to provide a 

clear idea of the occurrence and magnitude of gradients in fermentation processes, this work 

already allows us to identify potential operational bottlenecks regarding fluid dynamics and 

oxygen transfer that may lead to significant gradients in industrial aerobic fermentation 

processes. 
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Chapter 5 

Computational Fluid Dynamics (CFD) modelling of 

glucose and dissolved oxygen concentration gradients 

in aerobic fed-batch fermentation processes 
 

Abstract 

Gradient modelling is a relevant technique to assess the magnitude and occurrence of 

gradients that can negatively affect process performance in industrial fermentation processes. 

It requires the combination of fluid dynamics and microbial kinetics models to satisfactorily 

describe the fluid flow, mass transfer and microbial physiology. Fluid dynamics are normally 

solved using Computational Fluid Dynamics (CFD) modelling, which provides an accurate 

description of the fluid flow and mass transfer but has a high computational demand. 

Additionally, mechanistic models are used to describe microbial behaviour. 

In this chapter, the CFD models representing three different reactor types (two stirred tanks 

with different impeller configurations and a bubble column) of Chapter 4 are extended with 

microbial kinetic models of three industrial workhorses: Bacillus licheniformis, Escherichia coli 

and Saccharomyces cerevisiae. The models were implemented at three different volumes 

(40, 60 and 90 m3) to simulate the evolution of gradients over time in aerobic fed-batch 

fermentation processes. Two different feeding positions, at the top and the bottom of the 

fermenters, have been tested.  

The results are discussed in terms of local concentration of glucose, dissolved oxygen and 

by-products (acetate or ethanol). The spatial distribution of the metabolic regimes that the 

cells undergo is also examined. The results show significant differences between 

microorganisms, feeding positions and bioreactor types in the distribution of local 

concentrations of species. The main finding is the development of glucose starvation at 

intermediate stages of the fermentation process. Thus, this work underlines the need to 

simulate the entire process rather than single snapshots to get a holistic view of the impact of 

gradients on fermentation processes. 
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5.1. Computational methods 

5.1.1. Kinetic modelling 

Kinetic models definition 

Kinetic models for Bacillus licheniformis, Escherichia coli and Saccharomyces cerevisiae were 

implemented in several Computational Fluid Dynamics (CFD) models from Chapter 4. The 

development of the kinetic model for B. licheniformis was discussed in detail in Chapter 3. For 

E. coli and S. cerevisiae, the structure of the kinetic model is essentially the same as for B. 

licheniformis but with a few minor variations that are described below.  

In B. licheniformis, both growth on glucose and acetate follow Monod kinetics [48] accounting 

for substrate inhibition following the approach from Andrews and Noack [110] 

(Equations 3.2 and 3.3). For E. coli, substrate inhibition was also taken into account for growth 

on glucose (Equation 5.1). Glucose inhibition was modelled with the Aiba equation [110], as 

was previously done by Ruiz et al. [111]. Furthermore, acetate (by-product, 𝐵𝑃) inhibition was 

also added to influence growth on glucose, as previously done by Xu et al. [63].  

𝜇𝐺 =
𝜇𝐺,𝑚𝑎𝑥𝐺

(𝐾𝐺 + 𝐺)(1 +
𝐵𝑃

𝐾𝐼𝐵𝑃
𝐺 )

exp(
−𝐺

𝐾𝐼𝐺
𝐺 ) (5.1)

 

On the other hand, growth on glucose for S. cerevisiae did not account for any inhibition 

(Equation 5.2). 

𝜇𝐺 =
𝜇𝐺,𝑚𝑎𝑥𝐺

𝐾𝐺 + 𝐺
(5.2) 

Growth on acetate or ethanol (by-product) did not account for any inhibition neither in E. coli 

nor in S. cerevisiae (Equation 5.3). 

𝜇𝐵𝑃 =
𝜇𝐵𝑃,𝑚𝑎𝑥𝐵𝑃

𝐾𝐵𝑃 + 𝐵𝑃
(5.3) 

The other difference with the kinetic model for B. licheniformis (Chapter 3) is regarding the 

definition of the oxygen uptake rate. In B. licheniformis and E. coli, the specific growth rate 

values were added and divided by the yield of biomass on oxygen, which has the same value 

for the two substrates because both glucose and acetate have the same degree of reduction 

(𝜐 = 4) [211]. Since the by-product of S. cerevisiae is ethanol, which has a higher degree of 

reduction (𝜐 = 6) than glucose, the yield of biomass on oxygen is lower (𝑌𝑋𝑂
𝐵𝑃 = 0.58 kg kg-1) 

[211] and the two specific growth rates were differentiated when the specific rate for oxygen 

uptake was calculated (Equation 5.4). 
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𝑞𝑂 = −min(
𝜇𝐺

𝑌𝑋𝑂
𝐺 +

𝜇𝐵𝑃

𝑌𝑋𝑂
𝐵𝑃 +𝑚𝑂 ,

𝜇𝑐𝑟𝑖𝑡

𝑌𝑋𝑂
𝐺 +𝑚𝑂) (5.4) 

The model parameters were taken from the literature or determined by experimentation for 

B. licheniformis (Chapter 3). A summary of all parameters for the three microorganisms is 

shown in Table 5.1. 

Table 5.1. Values for the model parameters of B. licheniformis, E. coli and S. cerevisiae used 
with their references. The parameters marked with an asterisk (*) have been calculated based 
on the references. 

Parameter Units 
B. 

licheniformis1 
E. 

coli2 
S. 

cerevisiae3 
Ref1 Ref2 Ref3 

𝜇𝐵𝑃,𝑚𝑎𝑥 h-1 0.22 0.22 0.13 [218] [218] [73] 

𝜇𝑐𝑟𝑖𝑡 h-1 0.40 0.35 0.25 Chapter 3 [74] [73] 

𝜇𝐺,𝑚𝑎𝑥 h-1 0.54 0.55 0.44 Chapter 3 [63] [73] 

𝐾𝐵𝑃 kg m-3 0.05 0.05 0.10 [218] [218] [64] 

𝐾𝐺  kg m-3 0.05 0.05 0.15 [63] [63] [10] 

𝐾𝐼𝐵𝑃
𝐺  kg m-3 n.a. 5 n.a. n.a. [63] n.a. 

𝐾𝐼𝐺
𝐺  kg m-3 2.18 46.9 n.a. Chapter 3 [111] n.a. 

𝐾𝐼𝐵𝑃
𝐵𝑃  kg m-3 1.00 n.a. n.a. Chapter 3 n.a. n.a. 

𝑚𝐵𝑃 kg kg-1 h-1 0.04* 0.04* 0.01* 
[197], 
[211] 

[77], 
[211] 

[10], [211] 

𝑚𝐺 kg kg-1 h-1 0.04 0.04 0.02 [197] [77] [10] 

𝑚𝑂 kg kg-1 h-1 0.03* 0.01 0.02 
[211], 
[212] 

[10] [10] 

𝑌𝑋𝐵𝑃
𝑂𝑓

 kg kg-1 2.16 0.22 0.11 Chapter 3  [63] 
90% of 

theoretical 
yield 

𝑌𝑋𝐵𝑃
𝑂𝑥  kg kg-1 0.29 0.40 0.72 Chapter 3 [63] [64] 

𝑌𝑋𝐺
𝑂𝑓

 kg kg-1 0.22 0.15 0.05 Chapter 3 [63] [64] 

𝑌𝑋𝐺
𝑂𝑥 kg kg-1 0.50 0.51 0.49 Chapter 3 [63] [64] 

𝑌𝑋𝑂
𝐵𝑃 kg kg-1 1.16* 0.45* 0.58* [211] 

[10], 
[211] 

[211] 

𝑌𝑋𝑂
𝐺  kg kg-1 1.16 0.45 1.54* Chapter 3 [10] [211] 

 

The specific growth rate of the three microorganisms is plotted against the glucose 

concentration in Figure 5.1. The effect of the different values of the model parameters on the 

output of the growth rate expression is observed. On the one hand, S. cerevisiae has a lower 

value for 𝐾𝐺 than B. licheniformis and E. coli (Table 5.1). Accordingly, it reaches saturation at 

a higher glucose concentration. The effect of substrate inhibition is also reported. For B. 

licheniformis, glucose inhibition is rather strong, with a low value for the inhibition constant 

(𝐾𝐼𝐺
𝐺 ) (Table 5.1). This inhibition does not allow the system to reach the maximum growth rate, 
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but 77% of its value, followed by a sharp decrease of the specific growth rate. Substrate 

inhibition on growth was observed in batch experiments (Figure 3.5). Furthermore, in 

accelerostat experiments where substrate was limiting, substrate inhibition did not take place 

and the cultures washed out at a dilution rate of 0.54 ± 0.05 h-1 (Figure 3.2), determining the 

microorganism maximum specific growth rate. A similar substrate inhibition effect is reported 

in E. coli. Nevertheless, since its 𝐾𝐼𝐺
𝐺  value is higher (Table 5.1), the inhibition is not as strong 

as for B. licheniformis. S. cerevisiae does not present any inhibition and therefore shows a 

standard Monod growth curve. 

 

Figure 5.1. Specific growth rate curves versus the glucose concentration for B. licheniformis 
(black), E. coli (red) and S. cerevisiae (blue). The concentration of by-product has been 
neglected. 

Modelling of aerobic fed-batch fermentation processes with ideal mixing 

In Chapter 4, for each CFD simulation, the volume-weighted average values for the gas hold-

up (𝛼𝐺), the overall mass transfer coefficient (𝑘𝐿𝑎) and the oxygen concentration at saturation 

(𝑂∗) in each broth volume were extracted (Figure 4.8). Furthermore, with the aim of estimating 

the volume-dependent evolution of these variables during the fermentation process, 
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regression or averaging of the values in the distinct volumes for each reactor type (BC, RTD 

or A310) and operational condition (BM or LS) were performed. In this chapter, these data 

were used to describe the progression of these variables during dynamic simulations of 

aerobic fed-batch fermentation processes with ideal mixing.  

The liquid broth mass during the fermentation process was calculated by multiplying the total 

volume with the liquid volume fraction and the broth density (1050 kg m-3). Correlations for the 

𝑘𝐿𝑎 and 𝑂∗ were changed to be dependent on the liquid broth mass instead of the total 

volume. Simulations stopped when the total volume reached 90 m3. The initial concentrations 

for glucose and acetate/ethanol were 0 g kg-1. The initial concentration for dissolved oxygen 

corresponded to its saturation concentration (𝑂∗) at 40 m3 (Figure 4.8C, F and I). This value 

was case-dependent because of different initial headspace and hydrostatic pressure values 

(Equations 4.6 and 4.7). For B. licheniformis and E. coli, the initial biomass concentration was 

of 4.76 g kg-1 (5 kg m-3) while for S. cerevisiae, it corresponded to 19 g kg-1 (20 kg m-3). The 

initial biomass concentration value for B. licheniformis and S. cerevisiae were extracted from 

the literature [157], [219]. As E. coli is used for the production of other compounds than 

biomass, the same initial conditions as for B. licheniformis were used.  

The kinetic models were implemented in MATLAB® 2019a (The MathWorks®, Natick, MA) 

where the solver ode15s was used for the calculation of the mass changes of the liquid broth 

(𝑀𝐿), biomass (𝑀𝑋), glucose (𝑀𝐺), by-product (acetate or ethanol) (𝑀𝐵𝑃) and dissolved oxygen 

(𝑀𝑂) over time (Equations 5.5-5.9). The absolute and relative tolerance values were set to 

1×10-5 and 1×10-6, respectively. 

𝑑𝑀𝐿
𝑑𝑡

= 𝐹𝐹𝑒𝑒𝑑 − 𝐹𝐸𝑣𝑎𝑝 + 𝐹𝑂2 − 𝐹𝐶𝑂2 (5.5) 

𝑑𝑀𝑋
𝑑𝑡

= 𝜇𝑀𝑋 (5.6) 

𝑑𝑀𝐺
𝑑𝑡

= 𝑞𝐺𝑀𝑋 + 𝐹𝐹𝑒𝑒𝑑𝐺𝐹𝑒𝑒𝑑 (5.7) 

𝑑𝑀𝐵𝑃
𝑑𝑡

= 𝑞𝐵𝑃𝑀𝑋 (5.8) 

𝑑𝑀𝑂
𝑑𝑡

= 𝑘𝐿𝑎(𝑂
∗ − 𝑂)𝑀𝐿 + 𝑞𝑂𝑀𝑋 (5.9) 

The change in the liquid broth mass (Equation 5.5) depends on the mass rate of the feed 

solution (𝐹𝐹𝑒𝑒𝑑), evaporation (𝐹𝐸𝑣𝑎𝑝), oxygen uptake by the microorganisms (𝐹𝑂2) and on 

carbon dioxide production rate (𝐹𝐶𝑂2). Other feed sources (e.g. nitrogen) were not taken into 

account as they were not included in the kinetic models. Moreover, their value was considered 
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to be negligible as it has not been incorporated in previous modelling work of similar aerobic 

fed-batch processes that yielded adequate predictions for biomass and DO concentrations 

and substrate feed rate, amongst others [7], [8]. The fermentation process started directly as 

a fed-batch process with two different phases. First, the feed rate was set as an exponential 

feed (𝐹𝐸𝑥𝑝) to keep the specific growth rate at a constant level (𝜇𝑠𝑒𝑡). The 𝜇𝑠𝑒𝑡 value was 

chosen to be 0.1 h-1 below the critical value for overflow metabolism (𝜇𝑐𝑟𝑖𝑡) to prevent by-

product formation in this stage. When the target DO concentration value of 20% of the 

saturation was reached, the control strategy changed. A proportional-integral (PI) controller 

that manipulated the feed rate (𝐹𝑃𝐼) to keep the DO level at 20% (𝑂𝑆𝑒𝑡) was then activated. 

The mathematical expressions for 𝐹𝐸𝑥𝑝 and 𝐹𝑃𝐼 are shown in Equations 5.10 and 5.11 

𝐹𝐸𝑥𝑝 =
𝜇𝑠𝑒𝑡

𝑌𝑋𝐺
𝑂𝑥 +𝑚𝐺

𝑀𝑋
𝐺𝐹𝑒𝑒𝑑

(5.10) 

𝐹𝑃𝐼 = 𝐹𝐵𝑖𝑎𝑠 + 𝐾𝑐(𝑂 − 𝑂𝑆𝑒𝑡) + 𝐼 (5.11) 

where 𝐹𝐵𝑖𝑎𝑠 is the feed rate value at the end of the exponential phase, 𝐾𝑐 and 𝜏 are the gain 

and the time constant of the PI controller, respectively, 𝐼 is the integral component, and 𝐺𝐹𝑒𝑒𝑑 

is the glucose concentration of the feed solution. 𝐺𝐹𝑒𝑒𝑑 had a value of 640 g kg-1 in B. 

licheniformis and E. coli processes [157] and of 305 g kg-1 in S. cerevisiae processes [219]. 

When the PI controller was activated, an additional differential equation for the integral 

component 𝐼 was required for its calculation, as shown in Equation 5.12. 

𝑑𝐼

𝑑𝑡
=
𝐾𝑐
𝜏
(𝑂 − 𝑂𝑆𝑒𝑡) (5.12) 

The values used for 𝐾𝑐 and 𝜏 for the three different microorganisms tested are summarised in 

Table 5.2. 

Table 5.2. Values for the gain (𝑲𝒄) and the time constant (𝝉) of the PI controller. 

Microorganism 𝑲𝒄 [kg2 g-1 h-1] 𝝉 [h] 

B. licheniformis 100 1×10-4 

E. coli 100 1×10-3 

S. cerevisiae 1×106 0.1 

 

The evaporation rate was calculated by estimating the mass of water at the inlet and at the 

outlet of the tank, following the approach of Mears et al. [209]. The mathematical expression 

for the calculation of the evaporation mass flow rate is shown in Equation 5.13 

𝐹𝐸𝑣𝑎𝑝 = 𝑄𝑎𝑖𝑟 (
𝑝𝑜𝑢𝑡
∗ 𝑀𝑤,𝐻2𝑂
𝑅𝑇𝑒𝑚𝑝𝑜𝑢𝑡

−
𝑝𝑖𝑛
∗ 𝑀𝑤,𝐻2𝑂
𝑅𝑇𝑒𝑚𝑝𝑖𝑛

) (5.13) 
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where 𝑄𝑎𝑖𝑟 corresponds to the volumetric air flow rate (NL h-1), 𝑝𝑜𝑢𝑡
∗  and 𝑝𝑖𝑛

∗  correspond to the 

saturated vapour pressure (in Pa) at the outlet and at the inlet, respectively and 𝑀𝑤,𝐻2𝑂 is the 

molecular weight of water. The values of 𝑝𝑜𝑢𝑡
∗  and 𝑝𝑖𝑛

 ∗  are calculated using the approach from 

Bolton [233] (Equations 5.14 and 5.15) where 𝑅𝐻 corresponds to the percentage of the 

relative humidity (79%) [234], 𝑇𝑒𝑚𝑝𝑖𝑛 is the temperature at the inlet in degrees Celsius (40 ºC) 

and 𝑇𝑒𝑚𝑝𝑜𝑢𝑡 is the fermentation temperature in degrees Celsius (37 ºC).  

𝑝𝑖𝑛
∗ = 𝑅𝐻 × 611.2 × exp (

17.67𝑇𝑒𝑚𝑝𝑖𝑛
𝑇𝑒𝑚𝑝𝑖𝑛 + 243.5

) (5.14) 

𝑝𝑜𝑢𝑡
∗ = 611.2 × exp (

17.67𝑇𝑒𝑚𝑝𝑜𝑢𝑡
𝑇𝑒𝑚𝑝𝑜𝑢𝑡 + 243.5

) (5.15) 

The value of 𝐹𝑂2 was estimated from the oxygen transfer rate, following the approach shown 

in Equation 5.16. 

𝐹𝑂2 = 𝑘𝐿𝑎(𝑂
∗ −𝑂)𝑀𝐿 (5.16) 

𝐹𝐶𝑂2 was calculated from the oxygen uptake rate. It was assumed that for each mole of oxygen 

consumed, one mole of carbon dioxide was produced. The mathematical expression is shown 

in Equation 5.17. 

𝐹𝐶𝑂2 =
|𝑞𝑂|𝑀𝑋𝑀𝑤,𝐶𝑂2

𝑀𝑤,𝑂2
(5.17) 

The change in the biomass mass (Equation 5.6) depends on the growth rate (𝜇) and the 

amount of biomass present. The change in the glucose mass (Equation 5.7) depends on the 

specific rate of glucose uptake (𝑞𝐺), the biomass mass and the glucose feeding rate. The 

change in the by-product mass (Equation 5.8) depends on the specific rate of by-product 

formation/uptake and on the biomass concentration. Finally, the change in the dissolved 

oxygen mass (Equation 5.9) depends on the oxygen transfer rate (OTR) and the oxygen 

uptake rate (OUR). 

The dynamic simulations of fed-batch fermentation processes assuming ideal mixing were 

used for calculating the glucose feed rate and the biomass concentration values that would 

subsequently be used to perform CFD simulations with microbial kinetics. The methodology 

followed is summarised in Figure 5.2. First, simulations at three different volumes (40, 60 and 

90 m3) were performed at different operational conditions of agitation, headspace pressure 

and aeration to solve the fluid dynamics and mass transfer (Chapter 4). Based on these 

results, the volume-dependent evolution of the volume-weighted average values of 𝛼𝐺, 𝑘𝐿𝑎 

and 𝑂∗ for a changing volume from 40 to 90 m3 were used for the calculation of the liquid broth 
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mass (𝑀𝐿) and the oxygen transfer rate (OTR). These were used as inputs for the dynamic 

simulations of fed-batch processes, and for the calculation of the feed rate values and the 

biomass concentrations that would be used in the CFD simulations combined with microbial 

kinetics (Chapter 5) and in fixed-volume compartment models (Chapter 7). 

 

Figure 5.2. Workflow of the methodology used to calculate the feed rate for the CFD simulations 
and/or the compartment models combined with microbial kinetics. 

5.1.2. Implementation of reaction kinetics in CFD models 

The case studies from Chapter 4 to which microbial kinetic models of three industrial 

workhorses were implemented were the 40, 60 and 90 m3 total volumes of the bubble column 

with benchmark conditions (BC BM) and the stirred tanks with Rushton turbine disks (RTD 

case), and with a RTD impeller at the bottom and A310 hydrofoil impellers at the top (A310 

case), run under low settings conditions (LS) (Table 5.3).  

Table 5.3. Summary of simulations performed with their operational settings. The operational 
conditions BM corresponds to "benchmark", while LS corresponds to "low settings". 
Headspace pressure was not applied in any case study. 

Case ID 
Volume 

[m3] 
Reactor type/impeller 

configuration 
𝒎𝒂𝒊𝒓 

[kg s-1] 
𝑷𝒊/𝑽𝑳 

[kW m-3] 

BC_BM_40 44 Bubble column 0.87 n.a. 

BC_BM_60 63 Bubble column 1.31 n.a. 

BC_BM_90 88 Bubble column 1.93 n.a. 

RTD_LS_40 40 Stirred tank, 2 RTD 0.40 0.9 

RTD_LS_60 60 Stirred tank, 3 RTD 0.40 0.9 

RTD_LS_90 90 Stirred tank, 4 RTD 0.40 0.9 

A310_LS_40 40 Stirred tank, 1 RTD + 1 A310 0.40 1.0 

A310_LS_60 60 Stirred tank, 1 RTD + 2 A310 0.40 0.9 

A310_LS_90 90 Stirred tank, 1 RTD + 3 A310 0.40 0.8 

 

Reaction kinetics were added to the setup after 120 s of simulation time (including 90 s of 

taking transient averages for the liquid velocity, the gas volume fraction and the turbulence 

parameters), and run for an additional 30 s. After these 30 s, transient averaging was turned 

CFD simulations at 

40, 60 and 90 m3

(fluid dynamics)

Agitation

Aeration

Headspace

pressure

Dynamic

simulations with 

MATLAB assuming

ideal mixing

(40-90 m3)

CFD simulations at 

40, 60 and 90 m3

(fluid dynamics + 

kinetics)
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on for glucose, acetate/ethanol and dissolved oxygen concentrations. The system was run for 

another 60 s.  

Concentrations of acetate/ethanol, dissolved oxygen and glucose were modelled as scalars, 

with source and sink terms corresponding to transfer/production and consumption being 

included. The source terms (𝑆𝑖) correspond to the volumetric uptake or production rate of each 

additional variable. For a variable 𝑖, the source term is calculated as the product of the specific 

rate (𝑞𝑖) and the biomass concentration (𝑋), as shown in Equation 5.18. 

𝑆𝑖 = 𝑞𝑖𝑋 (5.18) 

As the kinetics used are nonlinear, a linearisation coefficient was specified to improve 

convergence, which corresponds to the first derivative of the source in respect to the variable 

when the source term is negative (Equation 5.19). 

𝐶𝑆𝑖 = − |
𝑑𝑆𝑖
𝑑𝑖
| (5.19) 

Biomass growth was neglected due to the relative short simulation time scale (90 s) [28]. 

Glucose was used as feed, and it was introduced at two locations as different case studies 

(i.e. top and bottom feed) (Figure 5.3). The biomass concentration and glucose feed rate 

values used are summarised in Table 5.4. All concentrations were calculated per liquid 

volume. The diffusivity values for glucose, oxygen, acetate and ethanol are 8.5×10-10 [10], 

2.42×10-9 [10], 9.89×10-10 [235] and 1.4×10-9 [10] m2 s-1, respectively. 
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Figure 5.3. Representation of the feeding positions at the feeding plane in the stirred tank 
reactors (A) and the bubble columns (B) in the 90 m3 geometry. The red spheres represent the 
top feeding positions for 40, 60 and 90 m3 (bottom to top). The black spheres represent the 
bottom feeding positions. In blue, the interfaces between tank and impeller domains of the 
stirred tank reactors are shown. In grey, the walls and internals of the fermenters are 
represented. 

Table 5.4. Biomass concentration (𝑿) in kg m-3 and glucose mass rate (𝑭𝑮) in kg h-1 extracted 
from the dynamic simulations of aerobic fed-batch fermentation processes with ideal mixing. 

Volume 
[m3] 

BC BM BC LS RTD BM RTD LS A310 BM A310 LS 

𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 

B. licheniformis 

40 5 95 5 94.6 5 103 5 111 5 104 5 112 

60 71 128 65.8 134 109 538 72.7 158 108 517 58.9 117 

90 78.2 196 72 197 138 588 79.8 260 135 554 53.4 159 

E. coli 

40 5 79.2 5 78.8 5 86.1 5 92.2 5 86.6 5 93.2 

60 82.4 203 68.8 186 104 441 82.7 244 103 431 77.9 220 

90 102 327 86.2 302 133 674 105 432 131 652 87.6 339 

S. cerevisiae 

40 20 194 20 194 20 212 20 226 20 213 20 229 

60 57 227 58 221 65.4 867 58 278 65.1 838 58.2 193 

90 75.6 312 76.1 296 92.6 1030 79.4 408 91.9 974 69.8 202 

A B
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5.2. Results and discussion 

5.2.1. Dynamic simulations with ideal mixing 

The most important fermentation variables (liquid broth mass, biomass, glucose and dissolved 

oxygen concentrations, glucose feed and oxygen transfer rates) of the dynamic simulations 

with ideal mixing are shown in Figures 5.4-5.6. Formation of by-products did not occur in any 

simulation. Regarding the metabolic regimes experienced, 100% of the total reaction volume 

was found to be in the oxidation regime in all processes presented, except for the A310 LS 

fermentation process with B. licheniformis. In this process 98% of the total reaction volume 

was in the oxidation regime and 2% in the glucose starvation regime. 

In both stirred tanks and bubble columns simulations, higher biomass titers are reported with 

the benchmark conditions (BM), in comparison with the low settings (LS) (Figures 5.4B-5.6B). 

The reason is the increased oxygen transfer rate (Figures 5.4E-5.6E) due to (1) higher 𝑘𝐿𝑎 

values because of higher volumetric power inputs and gas hold-up levels and (2) increased 

𝑂∗ values owing to the additional headspace pressure. The latter only holds for the stirred 

tanks, as overpressure was not applied in bubble columns. Higher oxygen transfer rates 

increase the feed flow rate, as the DO level is the basis of the control strategy. This leads to 

higher biomass levels. As the simulations defined here stop when the fermenter is full (i.e. the 

maximum liquid broth mass is achieved), the processes with higher oxygen transfer and feed 

rate levels are shorter in duration. 

In bubble columns, the variations between operational conditions (BM and LS) only involve 

the air flow, which is doubled in the benchmark settings. In the stirred tanks, in addition to the 

increased air flow, the volumetric power input from agitation is increased by a factor of 4 in 

the benchmark conditions, and an additional headspace pressure of 1 bar is provided. 

Consequently, the variations in process variables (biomass concentration, glucose feed rate, 

oxygen transfer and fermentation time) between the BM and LS cases in the bubble column 

are negligible (Figure 5.4) in comparison with those of the stirred tanks (Figures 5.5 and 5.6), 

as the change in operational settings is not as large.  

By analysing the different behaviour between strains, it is observed that B. licheniformis and 

E. coli processes are more similar than the S. cerevisiae process. The reason is their different 

purpose. On the one hand, the S. cerevisiae process represents the production of baker’s 

yeast. In this case the aim of the process is to maximise both the yield on substrate and the 

biomass productivity. On the other hand, B. licheniformis and E. coli processes yield other 
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products than biomass (e.g. enzymes, recombinant proteins). Hence, scenarios that lead to 

higher product formation rather than biomass productivity are sought.  

Due to the different process aims, different glucose concentrations were used at the feed 

solutions, which are more concentrated for the bacterial strains. The different glucose 

concentration values used in the feeding solution plays a role in decreasing the total 

fermentation time in S. cerevisiae processes in comparison with those for B. licheniformis and 

E. coli. Also, a higher biomass concentration is set initially in the yeast process, in order to 

reach more easily high biomass levels.  

From these dynamic simulations, the biomass concentration and the glucose feed rate at 

different points of the fermentation were extracted (Table 5.4) and implemented to the CFD 

models with microbial kinetics of BC BM, RTD LS and A310 LS. The values in Figures 5.4-5.6 

may be slightly different for a few cases from Table 5.4 because of different glucose feed 

concentration assumptions. The differences between biomass concentration and glucose 

feed rate values are minimal, up to 10% and 20% for the biomass concentration and the 

glucose feed rate, respectively. 
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Figure 5.4. Liquid broth mass (A), biomass concentration (B), glucose feed rate (C), glucose 
concentration (D), oxygen transfer rate (E) and dissolved oxygen concentration (F) of the ideally 
mixed simulations of B. licheniformis (black), E. coli (red) and S. cerevisiae (blue) fermentation 
processes for the BC BM (continuous line) and the BC LS (dashed line) cases.  
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Figure 5.5. Liquid broth mass (A), biomass concentration (B), glucose feed rate (C), glucose 
concentration (D), oxygen transfer rate (E) and dissolved oxygen concentration (F) of the ideally 
mixed simulations of B. licheniformis (black), E. coli (red) and S. cerevisiae (blue) fermentation 
processes for the RTD BM (continuous line) and the RTD LS (dashed line) cases. 
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Figure 5.6. Liquid broth mass (A), biomass concentration (B), glucose feed rate (C), glucose 
concentration (D), oxygen transfer rate (E) and dissolved oxygen concentration (F) of the ideally 
mixed simulations of B. licheniformis (black), E. coli (red) and S. cerevisiae (blue) fermentation 
processes for the A310 BM (continuous line) and the A310 LS (dashed line) cases. 
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5.2.2. Combination of CFD models with microbial kinetics 

When combining CFD models with microbial kinetics, several process aspects have been 

investigated to understand their effect on the development of gradients in aerobic fed-batch 

fermentation processes. These include variations in the fermenter type, the microorganism, 

the total volume simulated (corresponding to different points of the fermentation process) and 

the feeding position. As the examination in detail of the 54 scenarios tested is too lengthy, a 

few cases have been selected to provide a general view of the magnitude and occurrence of 

glucose and DO concentration gradients in the cases studied. Furthermore, their 

consequences in terms of metabolic responses and by-product formation and re-assimilation 

are also discussed. 

Prior to the examination of the results, it is noted that the impeller domains are not depicted 

in any of the contour plots presented. The reason is related to the averaging method. ANSYS 

CFX takes transient averages at each node. As the impeller domains are rotating in each 

time-step, the transient averages are taken in the rotational frame of reference, while the 

values for the tank domain correspond to the stationary frame of reference. Thus, when the 

local glucose, dissolved oxygen and by-product concentration values are visualised in a 

stationary frame of reference, a sharp interface between the tank and impeller domains is 

observed, which do not show physically meaningful values. This artefact was less pronounced 

in the fluid dynamics and mass transfer results of Chapter 4 owing to the symmetry of the 

plotted variables. The tank domain, corresponding to the majority of the simulated volume 

(92%), has a fixed mesh and so it not affected. Thus, in order to show a clear representation 

of the local values of glucose, dissolved oxygen and by-product concentrations, only the tank 

domain is shown. 

Local glucose and DO concentrations 

 Fermentation process evolution 

For the RTD LS fermentation process with B. licheniformis and top feeding, contour plots of 

the transient results of glucose and dissolved oxygen concentrations at three different 

volumes (40, 60 and 90 m3) are shown in Figure 5.7. This case study has been chosen 

because it is the first time that a kinetic model for B. licheniformis has been combined with 

CFD models, in comparison with E. coli and S. cerevisiae. Furthermore, the effects of 

gradients have not been studied before for this Bacillus sp. strain. Thus, it is of interest to 

characterise the impact of gradients in an industrially relevant microorganism where it has not 

been done before. 
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As expected, the glucose concentration is higher at the feeding position and decreases with 

increasing distance from the feed point (Figure 5.7). In the initial volume, glucose is more 

evenly distributed in the reactor than in larger volumes, with the lowest concentration values 

below the sparger. With increasing volume, high glucose concentration values are found close 

to the feeding position (≥ 0.10 kg m-3), and low glucose concentration values (0-0.005 kg m-3) 

are observed over the rest of the plane. These results indicate the occurrence of glucose 

starvation, which takes place at low glucose and high biomass concentrations (i.e. 𝑞𝐺 < 𝑚𝐺), 

in a large volume of the fermenter already at intermediate fermentation stages (total volume 

of 60 m3) (Figure 5.12). Furthermore, overflow metabolism is also observed in the area around 

the feeding point, as a consequence of high local glucose concentration levels (Figure 5.12). 

The development of overflow metabolism implies the production of acetate as a by-product, 

which would be re-assimilated under glucose starvation and/or oxidation regimes.  

Regarding the dissolved oxygen concentration (Figure 5.7), high local values were reported 

for the initial volume, ranging between 50 and 80% of the saturation value. The 60 and 90 m3 

volumes had lower local values, ranging between 0 and 30%. This is in accordance with the 

dynamic simulations with ideal mixing, where the initial DO level for the lowest volume is 

approximately 70%, while for the largest volumes it is a controlled variable with a set point of 

20% (Figure 5.5F). Hence, the ranges observed in the CFD results agree with the predicted 

values of the dynamic simulations and validate the methodology used for the calculation of 

the feed rate and the biomass concentration for the CFD simulations with kinetics.  

Finally, in the 60 and 90 m3 volumes (Figure 5.7), the DO concentration had higher local 

values (≈30%) at the adjacent regions to the impeller, corresponding to those with higher 𝑘𝐿𝑎 

and OTR levels (Figures 4.6 and 4.7). In contrast, low local values were observed at the top, 

corresponding to the feeding position, and below the sparger. For the RTD LS case, it was 

previously noted the occurrence of a dead spot in terms of gas volume fraction (𝛼𝐺  < 0.10) 

beneath the sparger (Figure 4.5). This led to low OTR levels (0-0.5 kg m-3 h-1) (Figure 4.7) 

and consequently, to the low DO values observed here (Figure 5.7). The combination of both 

low local glucose and DO concentration values suggests the occurrence of the glucose 

starvation and oxygen limitation regime. Nevertheless, because the OTR level is sufficiently 

high to cope with the low oxygen uptake rates that cells require under glucose starvation 

(corresponding to 𝑚𝑂), oxygen limitation was not found in this case study (Figure 5.12). 
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Figure 5.7. Contour plots at the feeding plane of the transient average glucose concentration 
(first row) and DO concentration (second row) values resembling three points at total volumes 
of 40, 60 and 90 m3 of the aerobic fed-batch fermentation process with B. licheniformis with top 
feeding. 
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 Comparison between different feeding positions and bioreactor types 

Subsequently, a comparison between distinct bioreactor types and feeding positions is 

performed. To this end, the largest volume and different feeding positions for the CFD results 

with E. coli are depicted for all reactor types (Figures 5.8 and 5.9). E. coli has been selected 

because it presents a very different local DO distribution depending on the feed position, as it 

is discussed below. 

Regardless of the feeding position, the local glucose concentration has the same distribution 

as that reported for B. licheniformis (Figure 5.7). Thus, there is a region with high glucose 

concentration values (≥ 0.10 kg m-3) near the feeding point, and a steep decrease resulting in 

low glucose concentration values (0-0.005 kg m-3) in the majority of the liquid broth. This 

distribution is also observed in S. cerevisiae simulations (data not shown), meaning that the 

glucose concentration distribution does not present significant changes between 

microorganisms. Furthermore, all different volumes simulated within one case study (same 

fermenter type, microorganism and feeding position) present similar local glucose 

concentration dynamics as the B. licheniformis case (Figure 5.7). Hence, at the initial volume, 

the glucose concentration is distributed more homogeneously than in the latter fermentation 

stages (60 and 90 m3), where a sharp glucose distribution between the feeding point and the 

rest of the fermenter is observed (Figures 5.8 and 5.9). This occurs owing to two reasons. 

First, the increase in cell density in the latter fermentation process stages (60 and 90 m3) 

increases the glucose uptake rate. Consequently, the characteristic time of glucose uptake 

(Equation 2.7) at these volumes is shorter than at the beginning of the fermentation (40 m3), 

enhancing the occurrence of glucose concentration gradients. Furthermore, in Chapter 6, an 

approximate 4-fold increase in the mixing time is found in the stirred tanks with increasing 

scale (Figures 6.9 and 6.10). This also plays a role in enhancing mass transfer limitations at 

larger scales, leading to the occurrence of glucose concentration gradients.  

Besides the similarities in glucose concentration distributions observed between different 

microorganisms and simulated volumes, there are some variations depending on the impeller 

type and the feeding position. For the top feeding and the stirred tank cases, the shape of the 

region with high glucose concentration values depends on the impeller configuration, following 

the direction of the flow. Furthermore, this high-glucose concentration region looks larger in 

the stirred tank cases when the feeding is applied at the top. For the bubble columns, 

significant changes in the size of the high glucose concentration area are not observed 

between different feeding positions within one simulation.  
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As with the B. licheniformis process, the local dissolved oxygen concentration is lower (0-

10% DO saturation) around the feeding position (Figures 5.8 and 5.9), as a consequence of 

the increased glucose and oxygen uptake rates. There is little variation in the distribution and 

size of the low DO concentration area in the RTD LS case with top feeding between the B. 

licheniformis and E. coli processes. In contrast, a significant difference is observed with 

distinct impeller configurations. Particularly, the region with low DO concentration values in 

the A310 case has an extent from the third impeller to the top surface in comparison with the 

RTD case, where only a region above the fourth impeller is affected (Figure 5.8). The region 

with lower local DO values is lower with the A310 configuration in comparison with the RTD 

case as a result of the lower local oxygen transfer rate values (Figure 4.7). Finally, for the 

RTD LS case with top feeding, a low DO concentration region was not observed beneath the 

sparger as previously anticipated and reported in B. licheniformis (Figure 5.7). Instead, the 

DO concentration presents values of approximately 30% beneath the sparger (Figure 5.8). 

For the A310 LS case, the DO concentration beneath the sparger can present values up to 

60%.  

When applied to the bottom feeding position (Figure 5.9), the outcome of the comparison 

between stirred tank reactors changes. In that instance, the region with low DO concentration 

(0-10% DO saturation) is observed with both RTD and A310 impeller configurations in all the 

area below the second impeller, consisting of approximately 25% of the plane shown. The 

combination of local low OTR values (Figure 4.7), high glucose and oxygen uptake rate levels 

and bottom feeding may have aggravated the occurrence of regions with low DO values (0-

10%) in comparison with top feeding.  

The final aspect of discussion when comparing the distributions of DO concentration values 

in stirred tank reactors are the significantly different gradients observed with different 

microorganisms. By comparing the RTD LS case with top feeding with B. licheniformis and E. 

coli, a larger DO concentration is observed in the E. coli case, with values ranging from 0 to 

70% in comparison with the 0 to 30% observed in B. licheniformis. The DO concentration local 

differences increase up to 80% when substrate feeding occurs at the bottom. These variations 

between microorganisms (B. licheniformis and E. coli) are related to the different oxygen 

maintenance requirements of the two species. In both cases, the cells are expected to 

undergo glucose starvation, seeing that low glucose concentrations are found in large parts 

of the reactor (Figures 5.7-5.9). When glucose starvation takes place, the value of the 

maintenance coefficient for oxygen uptake (𝑚𝑂) has an important role for the determination 

of the specific oxygen uptake (𝑞𝑂) and the DO concentration, as the growth-related term for 
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the calculation of 𝑞𝑂 is neglected (Equation 3.16). E. coli has a lower 𝑚𝑂 value in comparison 

with B. licheniformis (Table 5.1), meaning that less oxygen is taken up under glucose 

starvation per mass unit of biomass. Thus, higher DO concentration values are expected with 

E. coli. Although having low maintenance values for oxygen uptake prevents depletion, it can 

also bring process control challenges. In this work, the feeding rate is manipulated to keep 

the DO at a constant level, as it is industrially relevant for this type of processes [157]. 

Nevertheless, if the cells have low oxygen maintenance requirements and undergo severe 

glucose starvation, a large DO concentration gradient is likely to be developed that might 

interfere with adequate control strategies, as the measured value might not be representative 

of the entire reactor volume.  

Finally, a more homogeneous DO distribution with low DO concentration regions (0-10% DO 

saturation) located at the feeding positions are observed in the bubble column simulations in 

comparison with stirred tanks. When feeding is applied at the top, local low DO values are 

also observed close to the reactor sides and below the sparger (Figure 5.8), as a result of the 

lower local gas volume fraction values (Figure 4.5). When bottom feeding is applied, only a 

small region in the feeding position presents low DO concentration values (Figure 5.9). Thus, 

low DO levels are observed over a larger extent in stirred tanks than in the bubble columns. 

As a remark, it is noted that the cases shown for the stirred tanks correspond to the low 

settings cases, while the bubble column case shown correspond to the benchmark conditions. 

When run with benchmark conditions, less gradients are expected, as the operational settings 

are less harsh, besides the feed rate magnitude, which becomes higher due to the higher 

oxygen transfer rate. The STRs are expected to show considerable changes between 

operational settings, considering the significantly different evolutions of the dynamic 

simulations with ideal mixing (Figures 5.5 and 5.6). On the contrary, little variation is expected 

with the bubble column cases, seeing the small changes in process evolution variables when 

dynamic simulations with ideal mixing were performed (Figure 5.4). 
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Figure 5.8. Contour plots at the feeding plane of the transient average glucose concentration 
(first row) and DO concentration (second row) values resembling the end point (90 m3) of 
aerobic fed-batch fermentation process with E. coli with top feeding for the BC BM, RTD LS, and 
A310 LS cases. 
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Figure 5.9. Contour plots at the feeding plane of the transient average glucose concentration 
(first row) and DO concentration (second row) values resembling the end point (90 m3) of the 
aerobic fed-batch fermentation process with E. coli with bottom feed for the BC BM, RTD LS, 
and A310 LS cases.  
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Local by-product concentration 

The kinetic models used here take the formation and re-assimilation of by-products into 

account. By-products are produced under overflow or oxygen-limiting circumstances, while 

they are taken up under glucose starvation or oxidation. The consistently highest 

concentrations of by-product were observed in the stirred tank simulations with S. cerevisiae. 

Their distribution in those case studies is shown in Figure 5.10 for the largest volume, where 

the highest by-product concentration was found. The effect of by-product formation and re-

assimilation on the yield coefficient values and process performance is discussed in 

Chapter 7. 

 

Figure 5.10. Contour plots at the feeding plane of the transient average local ethanol 
concentration values at the end point (90 m3) of the aerobic fed-batch fermentation processes 
with S. cerevisiae with top (TF) and bottom (BF) feeding for the RTD LS and A310 LS cases. 

Overall, S. cerevisiae presents consistently the highest local by-product concentrations, 

closely followed by E. coli and, to a less extent, B. licheniformis (Figure 5.11). There are two 

main reasons for S. cerevisiae to be the most important by-product producer. First, the yield 

of biomass on by-product (𝑌𝑋𝐵𝑃
𝑂𝑓

), i.e. the mass of biomass per unit mass of by-product 

produced, is lower than those of B. licheniformis and E. coli (Table 5.1), leading to larger by-

product formation rates at the same environmental conditions. Furthermore, it is reported that 
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oxygen limitation played an important role in the RTD LS simulations performed with the 

largest volume, leading up to 8 and 10% oxygen limited volumes in the for top and bottom 

feeding positions, respectively. This means that a relatively large fraction of the reactor is 

constantly producing ethanol. Oxygen limitation does not occur to such an extent in the other 

reactor configurations and/or microorganisms. A more detailed discussion is provided in 

Chapter 7. The local by-product concentration is highest in the RTD LS cases, followed by 

A310 LS and BC BM (Figure 5.11).  

 

Figure 5.11. Maximum average by-product concentration found in the CFD simulations with 
kinetics for all case studies at 90 m3, i.e. when by-product concentrations were highest. BM and 
LS indicate benchmark and low settings conditions. TF and BF refer to top and bottom feeding 
positions, respectively. 

The most important point of the discussion of by-product formation is the realisation of the 

relative high concentration values that the cells encounter (average maximum values of 

6.90×10-3, 2.03×10-1 and 1.62×10-1 kg m-3 for B. licheniformis, E. coli and S. cerevisiae, 

respectively) (Figure 5.11). These relatively high by-product concentration levels are likely to 

be combined with glucose starvation and/or oxidation regimes, based on the local glucose 

and dissolved oxygen concentration results (Figures 5.7-5.9). Thus, by-product re-

assimilation is likely to play an important role in the cases studied. Formation of acetate and 

formate has been reported in large-scale fed-batch fermentation processes (8 – 22 m3) with 

E. coli [16]–[18], with measured concentrations up to 0.30 and 0.05 kg m-3 [18], respectively. 
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As a consequence, reduced yields of biomass on substrate were obtained [16]–[18]. Formate 

production indicated the occurrence of oxygen limitation, although the dissolved oxygen 

concentration values in the bottom and middle sensors had relative high values (53 and 

25% DO saturation) [17]. In the processes modelled here, similar acetate levels were reported 

with E. coli, as well as the development of oxygen limitation in a few case studies (Chapter 7) 

regardless of high local DO concentration values (up to 80%) (Figures 5.8 and 5.9). Thus, 

although the processes were run differently, there is agreement in the phenomena observed 

between E. coli experimental data [16]–[18] and the simulations performed in this chapter. 

Although by-product formation and re-assimilation has been experimentally measured at 

large-scale [16]–[18] and qualitatively discussed in previous work [28], [86], [87], their 

implementation in modelling of gradients is rarely performed. The prediction of relatively high 

local by-product concentration values found in this work encourages their consideration in 

gradient modelling.  

Spatial distribution of metabolic regimes 

As discussed in Chapter 3, the kinetic models implemented in this CFD work distinguish 

between five metabolic regimes (glucose starvation; oxidation; overflow; oxygen limitation; 

glucose starvation and oxygen limitation) depending on their specific glucose and oxygen 

uptake rates, and on the growth rate. This model structure was chosen to easily identify and 

switch between different metabolic activities. Furthermore, this approach supports the fast 

estimation of the volume affected by gradients, by calculating the relative volume fraction of a 

certain regime with respect to the total volume. This method has already been used in CFD 

studies with baker’s yeast kinetics [28], [86]. This metric is quantified in Chapter 7 for both 

CFD and compartmental modelling work. A brief assessment of the spatial distribution of 

metabolic regimes is given here. 

The metabolic regimes of the RTD LS simulations with B. licheniformis are shown in 

Figure 5.12. At the beginning of the process, oxidation is the main metabolic regime with both 

feeding positions, meaning that the fermentation process runs without the development of 

significant gradients. The exception is the region around the feeding point, which shows 

overflow at early fermentation stages. This situation is unavoidable as highly concentrated 

substrate is provided. The affected volume is very low in all volumes tested (up to 2% 

considering all case studies). In the 40 m3 cases, significant losses in observed yield have not 

been found (Table 7.3), meaning that the combination of low overflow volumes with oxidation 

does not provide a sufficiently meaningful gradient to affect process metrics. With volume 

increase, the development of glucose starvation takes place, occupying 32 and 60% of the 
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reactor volume for the 60 m3 case for bottom and top feeding positions, respectively. In the 

cases where other regimes take place besides oxidation and overflow, an assessment of the 

glucose fraction taken up in each regime needs to be performed in order to evaluate the 

impact of the gradients on process metrics. This is more important to determine the effect of 

gradients on process performance than the regime volume fractions. The reason is that 

glucose is taken up unevenly, and it is possible that a larger fraction goes to one regime 

although the volume fraction at another one is significantly higher. The calculation of yields is 

provided in Chapter 7 (Table 7.3). 

The glucose starvation volume corresponds to that located furthest from the feeding position 

(Figure 5.12). At the largest volume, glucose starvation becomes dominant for the top feeding 

case, while it occupies half of the reactor volume when bottom feeding is simulated. Finally, 

in the bottom feeding cases, oxygen limitation also takes place, especially beneath the 

sparger. Indications of glucose starvation combined with oxygen limitation are also observed 

at the bottom of the reactor (Figure 5.12). These results are in accordance with the low local 

OTR values previously reported beneath the sparger in the RTD LS fluid dynamics results 

(Figure 4.7). For the other case studies, higher OTR levels were found beneath the sparger 

(Figure 4.7). The bubble column had a different design with the sparger located closer to the 

bottom, preventing the formation of a potentially larger dead spot in terms of gas volume 

fraction. Moreover, although the other stirred tanks had the same configuration, they were 

stirred at higher agitation speeds (Table 4.4), enhancing bubble dispersion at the bottom of 

the reactor and avoiding the occurrence of low OTR levels. Consequently, oxygen limitation 

was mainly observed with the RTD LS case. 

The occurrence of oxygen limitation with or without combined with glucose starvation has 

consistently been observed in 12 case studies simulated with CFD modelling 

(Figures 7.6-7.8), nine of them being with the RTD LS configuration with bottom feeding. Thus, 

although low DO concentration values were observed with top feeding (Figure 5.7 and 5.8), 

the occurrence of glucose starvation prevented oxygen limitation beneath the sparger. As 

previously underlined, this situation can be solved by changing the reactor design (i.e. placing 

the reactor closer to the reactor bottom) and/or promoting gas dispersion at the bottom, 

besides utilising top feeding strategies.  
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Figure 5.12. Metabolic regime volumes that B. licheniformis experiences at three different points 
(40, 60 and 90 m3) of its aerobic fed-batch fermentation process with RTD LS for top (top row) 
and bottom (bottom row) feeding positions. The non-coloured part corresponds to the oxidation 
regime. 

Glucose starvation

Overflow

Glucose starvation and oxygen limitation

Oxygen limitation
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Similar gradient distributions are observed in the simulations with E. coli and S. cerevisiae, 

with variation in the size and/or occurrence of certain gradient types owing to the distinct 

microbial kinetic models. Nevertheless, a consistent distribution of overflow at the feeding 

position, and glucose starvation appearing at the 60 m3 simulation and increasing volume 

fraction with volume increase is observed. In each case study, it is needed to assess the 

fraction of glucose going to each regime to evaluate the impact of gradients on process 

metrics, as some regions may take up more substrate than others although their volume 

fraction is not as large. Oxygen limitation is observed in a few cases, especially beneath the 

sparger when feeding is located at the bottom, as a consequence of the increase of oxygen 

uptake rate. Thus, oxygen limitation is consistently prevented when the feeding rate is applied 

at the top.  

 

5.3. Conclusions 

This chapter has focused on the interpretation and discussion of CFD results of snapshots of 

aerobic fermentation processes under different operational settings in terms of local glucose, 

dissolved oxygen and by-product concentrations, and spatial distribution of metabolic 

regimes. From this work, three main learnings arise. 

First, for the comprehensive evaluation of gradients in aerobic fed-batch fermentation 

processes, the evaluation of several snapshots (ideally, in a continuous manner) during the 

process are required rather than only a single one (which is normally done). This conclusion 

is supported by the observed development of potentially significant glucose and DO 

concentration gradients in intermediate process stages. Then, the onset of significant 

gradients can be predicted and understood, providing an opportunity for their early prevention. 

Secondly, while much CFD work with microbial kinetics in the literature neglects oxygen 

limitation and does not model by-product formation, here both phenomena have been shown 

to be potentially relevant to accurately describe the fermentation process. Oxygen limitation 

has been reported in volumes up to 10% for the processes with S. cerevisiae. Furthermore, 

relatively high by-product concentrations have been observed (up to 2.03×10-1 kg m-3), along 

with a high incidence of glucose starvation, where by-product assimilation takes place. Thus, 

it is recommended for future work not to neglect any of these phenomena unless consistent 

evidence is provided. 

Finally, many variations in local concentration values and metabolic activities between cases 

with different mixing strategies (agitation or bubbling), microorganisms and feeding locations 
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have been observed. The most relevant are the following. Under the conditions tested, E. coli 

shows a steep DO concentration gradient due to the low maintenance on oxygen 

requirements. Lastly, the bubble column setup seems to prevent high levels of by-product 

accumulation and oxygen depletion. 
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Chapter 6 

Development of CFD-based compartment models for 

aerobic fed-batch fermentation processes and 

evaluation of mixing performance and mass transfer 
 

Abstract 

The main disadvantage of combining Computational Fluid Dynamics (CFD) models with 

microbial kinetics is the large computational demand that this type of simulation requires. This 

makes the extensive utilisation of such CFD models very challenging in both industry and 

academia. Furthermore, CFD modelling restricts the simulation of fed-batch processes to 

fixed-volume snapshots, as simulating volume addition at realistic feed rates is 

computationally very demanding. The computational burden can be overcome with the use of 

compartment models (CMs). These consist of a network of ideally mixed volumes with such 

connections and flows between them that they can adequately capture the fluid dynamics of 

a system. Previous work has focused on the development of a compartmentalisation tool that 

can build compartment models automatically based on the CFD results [41]. This tool has 

shown good agreement with single-phase CFD simulations in terms of predicted mixing time 

in a pilot scale (700 L) stirred tank reactor. 

In this chapter, the previously developed automatic compartmentalisation tool is used to build 

compartment models for the case studies simulated with CFD modelling in Chapter 4. Thus, 

18 compartment models for different reactor types (a bubble column and two stirred tanks 

with various impeller configurations), volumes (40, 60 and 90 m3) and operational conditions 

(variations in aeration, agitation and headspace pressure) are developed. The ability of the 

compartmentalisation algorithm to capture the fluid dynamics, mass transfer and mixing 

performance of more complex simulation setups and industrially relevant bioreactors at 

different stages of the process is examined. The bubble columns show lower absolute 

differences in mixing time values between CFD and compartment models in comparison with 

the stirred tanks, although the relative differences between modelling techniques are similar 
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in all cases. Future work should focus on the combination of compartment models with 

microbial kinetics to assess their success in predicting local fermentation variables (e.g. 

glucose concentration) and process metrics. 

 

6.1. Computational methods 

6.1.1. Computational fluid dynamics (CFD) modelling 

The CFD results used in the development of compartment models were those discussed in 

Chapter 4, i.e. results after 90 s of transient averaging. 

6.1.2. Development of CFD-based compartment models 

The methodology used for the automatic development of CFD-based compartment models 

was previously developed by Tajsoleiman et al. [41]. Given the importance of this 

methodology to this work, a summary is presented here. The methodology allows the 

automatic generation of compartment maps (compartment volumes, flows and connections) 

of a system based on CFD simulation results. The routine is implemented in MATLAB® 2019a 

and connected to ANSYS CFD-Post 19.2 for the extraction of CFD variables. It consists of 

four steps (initialisation, zoning, compartmentalisation and connection), which are 

summarised below. 

Step 1: Initialisation 

First, one or a group of target variables (e.g. velocity, gas volume fraction, eddy dissipation 

rate) and corresponding target variable threshold values are defined. The compartment maps 

are built based on the target variables. The target variable thresholds set the limits for 

distinguishing between different compartments considering the target variables. 

In this study, two target variables have been defined: the axial and radial velocities. 

Furthermore, the target variable threshold value has been set to 0 m s-1, meaning that the 

definition of compartments has been chosen based on the signs of the axial and radial velocity 

fields. Accordingly, the direction of the flows is taken into account when building the 

compartment models.  

In practice, a 2-D plane with the coordinates of each node and the corresponding target 

variable values is extracted in an Excel file. These data form the basis of the 

compartmentalisation method and are used in all steps. Thus, the compartment map is based 

on a 2-D dataset of the CFD results. By using this methodology, it is assumed that a 3-D 

geometry can be simplified to a 2-D plane. This is reasonable for symmetric systems around 
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the central vertical axis, as is the case for those simulated in this work. Furthermore, the 

velocity data used correspond to transient average results, which are also symmetric around 

the central vertical axis (Figure 4.4). When dealing with systems without symmetry, a 3-D 

compartmental approach should be taken instead.  

Step 2: Zoning 

The node values of the 2-D plane data extracted are classified based on the homogeneity 

parameter. Three steps are subsequently performed. 

1. Sorting 

The data from the nodes are sorted into two sets. Each set is defined based on axial or radial 

velocity fields by checking whether their values are positive or negative, corresponding to the 

direction of the flow.  

The number of sets to be sorted corresponds to the number of pre-defined target variables. 

Thus, if n variables have been used to define the compartments, n different sets would be 

sorted based on these variables. 

2. Classification 

Within each sorted set, groups of elements that are within the target range (i.e. positive or 

negative velocity) are clustered as individual zones. The outcome of this step is two zone 

maps, one for each velocity field, with the average target variable value for each node 

coordinate. 

3. Final configuration 

To cope with irregular geometries such as round reactor bottoms, the surface of the 2-D plane 

is divided into rectangular units (𝑈) with ∆𝑥 × ∆𝑦 dimensions. The size of each unit is defined 

by the user by pre-specifying the maximum number of divisions in each 2-D dimension.  

The outcome of this step is two geometrically-corrected compartment maps corresponding to 

the axial and radial velocities. In this work, the number of horizontal rectangular units was 15 

for all cases, as the radius remains constant between case studies and volumes. The number 

of elements in the vertical direction has been calculated to be proportional to the height. In 

Table 6.1, the number of vertical elements is specified for all case studies.  
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Table 6.1. Number of vertical elements for each simulated volume. 

Case study 
Volume 

[m3] 
Height  

[m] 
Vertical elements 

[#] 

BC BM 

44 4.67 38 

63 6.70 54 

88 9.24 75 

BC LS 

43 4.56 38 

64 6.75 56 

89 9.35 78 

A310 and 
RTD BM 

40 4.75 32 

60 7.07 48 

90 10.46 71 

RTD LS 

40 4.75 32 

60 7.07 48 

90 10.46 68 

 

Step 3: Compartmentalisation 

The two zone maps previously developed are overlapped, resulting in a compartment map 

including information of both radial and axial velocities. Subsequently, the compartment 

volumes are constructed from the overlapped 2-D compartment map and knowledge of the 

vessel geometry. In a cylindrical coordinate system, the cross-section area of each unit is 

used to extrude a 3-D volume by 360º rotation of the cross-section area around the central 

line. The collective sum of the corresponding ring to a zone builds the compartment volume.  

Step 4: Connection 

Once the coordinates of the zones and the compartment volumes have been found, the 

connections and flow rates between compartments need to be calculated. The flows between 

compartments are defined based on which compartments are adjacent and the velocities 

normal to the interface. 

The outcome of the compartmentalisation routine is a 2-D compartment map of half of the 

chosen plane, with a collection of volumes, flows and connections based on the direction of 

the flow. The planes used for each case have been previously specified (Figure 4.3). By using 

half of a plane, the methodology may considerably simplify the CFD results as previously 

discussed. The development and utilisation of more sophisticated compartmentalisation 

approaches, such as 3-D compartmentalisation methods, is encouraged when the 2-D 

simplification does not provide a sufficiently similar flow pattern as with CFD modelling. This 
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approach may be relevant especially in cases where the geometry and flow pattern present 

asymmetry.  

Extraction and adjustment of 𝜶𝑮, 𝒌𝑳𝒂 and 𝑶∗ 

When extracting the Excel file with information of the node coordinates and their axial and 

radial velocity values in a 2-D plane (Step 1: Initialisation), the data for 𝛼𝐺, 𝑘𝐿𝑎 and 𝑂∗ are 

also extracted for each node coordinate. Once the compartment model has been developed, 

the corresponding 𝛼𝐺, 𝑘𝐿𝑎 and 𝑂∗ at each node are grouped by compartment and the volume-

weighted average of these variables is calculated for each compartment (𝛼𝐺,𝐶𝑜𝑚𝑝
𝑃𝑙𝑎𝑛𝑒 , 𝑘𝐿𝑎𝐶𝑜𝑚𝑝

𝑃𝑙𝑎𝑛𝑒 

and 𝑂𝐶𝑜𝑚𝑝
∗,𝑃𝑙𝑎𝑛𝑒).  

As the data used to build the compartment models do not include the entire volume but half 

of a plane, the 𝛼𝐺,𝐶𝑜𝑚𝑝
𝑃𝑙𝑎𝑛𝑒 , 𝑘𝐿𝑎𝐶𝑜𝑚𝑝

𝑃𝑙𝑎𝑛𝑒 and 𝑂𝐶𝑜𝑚𝑝
∗,𝑃𝑙𝑎𝑛𝑒 values did not match with those calculated 

previously from the CFD simulation results (𝛼𝐺,𝐶𝐹𝐷, 𝑘𝐿𝑎𝐶𝐹𝐷 and 𝑂𝐶𝐹𝐷
∗ ) (Figure 4.8), 

corresponding to the overall volume-weighted average values. To obtain more representative 

values of the 𝛼𝐺, 𝑘𝐿𝑎 and 𝑂∗ in each compartment (𝛼𝐺,𝐶𝑜𝑚𝑝, 𝑘𝐿𝑎𝐶𝑜𝑚𝑝 and 𝑂𝐶𝑜𝑚𝑝
∗ ), the volume-

weighted averages of the plane data were divided by the volume-weighted values obtained in 

each CFD simulation result (Figure 4.8), and multiplied with the value of each variable in each 

compartment calculated with the plane data as shown in Equations 6.1-6.3: 

𝛼𝐺,𝐶𝑜𝑚𝑝 =
∑
𝛼𝐺,𝐶𝑜𝑚𝑝
𝑃𝑙𝑎𝑛𝑒 𝑉𝑇,𝐶𝑜𝑚𝑝

𝑉𝑇
𝛼𝐺,𝐶𝐹𝐷

× 𝛼𝐺,𝐶𝑜𝑚𝑝
𝑃𝑙𝑎𝑛𝑒 (6.1)

 

𝑘𝐿𝑎𝐶𝑜𝑚𝑝 =
∑
𝑘𝐿𝑎𝐶𝑜𝑚𝑝

𝑃𝑙𝑎𝑛𝑒𝑉𝑇,𝐶𝑜𝑚𝑝
𝑉𝑇

𝑘𝐿𝑎𝐶𝐹𝐷
× 𝑘𝐿𝑎𝐶𝑜𝑚𝑝

𝑃𝑙𝑎𝑛𝑒 (6.2)
 

𝑂𝐶𝑜𝑚𝑝
∗ =

∑
𝑂𝐶𝑜𝑚𝑝
∗,𝑃𝑙𝑎𝑛𝑒𝑉𝑇,𝐶𝑜𝑚𝑝

𝑉𝑇
𝑂𝐶𝐹𝐷
∗ × 𝑂𝐶𝑜𝑚𝑝

∗,𝑃𝑙𝑎𝑛𝑒 (6.3)
 

where 𝑉𝑇,𝐶𝑜𝑚𝑝 is the total volume in each compartment. 

Subsequently, with the aim of simplifying mass balance calculations, the basis of the 

calculations was changed from total volume to liquid broth mass. The liquid broth mass of 

each compartment (𝑀𝐿,𝐶𝑜𝑚𝑝) was calculated by multiplying the total volume of each 

compartment by the liquid volume fraction and the broth density (𝜌𝐿 = 1050 kg m-3 [209]), as 

shown in Equation 6.4. 

𝑀𝐿,𝐶𝑜𝑚𝑝 = 𝑉𝑇,𝐶𝑜𝑚𝑝 × (1 − 𝛼𝐺,𝐶𝑜𝑚𝑝) × 𝜌𝐿 (6.4) 
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6.1.3. Mixing time calculation 

The mixing time was calculated in both CFD and compartment models in all the simulated 

volumes of the BC BM, RTD LS and A310 LS case studies. The purpose of the mixing time 

estimations was to get an idea of the mixing efficiency of the few cases studied and to evaluate 

the mixing performance of the compartment models in comparison with the CFD simulations.  

In the CFD simulations, two scalar variables were included to act as tracers after 90 s of 

transient averaging (i.e. when the kinetic models were implemented). These tracers were 

introduced at the top and bottom feeding positions (Figures 6.8-6.10) for a period of 1 s at a 

flow rate of 312 kg s-1. A value of 8.5×10-10 m2 s-1 was used for the kinematic diffusivity of the 

tracer (𝐷𝐿
𝜑

) (this value corresponding to the value for glucose in water [10]). Tracer conditions 

were monitored at two points (Figures 6.8-6.10). Equation 6.5 describes mathematically the 

transport of tracer through the liquid, which was implemented as an additional variable: 

𝜕(𝛼𝐿𝜌𝐿𝜑𝐿)

𝜕𝑡
+ ∇ ∙ (𝛼𝐿𝜌𝐿𝜑𝐿𝑼𝐿) − ∇ ∙ (𝛼𝐿 (𝜌𝐿𝐷𝐿

𝜑
+
𝜇𝑡,𝐿
𝑆𝑐𝑡,𝐿

)∇𝜑) = 𝑆𝐿
𝜑 (6.5) 

where 𝛼𝐿 is the liquid volume fraction, 𝜑𝐿 is the tracer mass per liquid mass, 𝑡 is time, 𝑼𝐿 is 

the liquid velocity, 𝜇𝑡,𝐿 stands for liquid turbulent viscosity, 𝑆𝑐𝑡,𝐿 is the turbulent Schmidt 

number for the liquid phase (whose default value is 0.9) and 𝑆𝐿
𝜑

 is the source term for tracer 

addition. 

In the compartment models, a tracer variable was introduced in the top and bottom feeding 

compartments (Figures 6.8-6.10) also for a period of 1 s at a mass flow rate of 312 kg s-1 (𝐹𝑇𝑟). 

For each compartment, an ordinary differential equation (ODE) was implemented in 

MATLAB® 2019a to solve the mass balance of tracer (𝑀𝑇𝑟). The solver used was ode15s. 

The absolute and relative tolerance values were set to 1×10-5 and 1×10-6, respectively. The 

mathematical expression of the ODE for the feeding compartment is shown in Equation 6.6, 

while the ODE used for the rest of the compartments is that of Equation 6.7: 

𝑑𝑀𝑇𝑟
𝑑𝑡

= 𝐹𝑖𝑛𝑇𝑟𝑖𝑛 − 𝐹𝑜𝑢𝑡𝑇𝑟 + 𝐹𝑇𝑟 (6.6) 

𝑑𝑀𝑇𝑟

𝑑𝑡
= 𝐹𝑖𝑛𝑇𝑟𝑖𝑛 − 𝐹𝑜𝑢𝑡𝑇𝑟 (6.7)

where 𝐹𝑖𝑛 and 𝐹𝑜𝑢𝑡 are the inflow and outflow mass rates in a compartment, and 𝑇𝑟𝑖𝑛 and 𝑇𝑟 

correspond to the concentration of tracer at the inlet and in the compartment. The monitoring 

compartments corresponding to the monitoring points of the CFD simulations were identified 

by checking their coordinates in the compartment maps (Figures 6.8-6.10).  
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The mixing time was calculated at each CFD monitoring point or monitoring compartment as 

the time required to achieve 95% of the target tracer concentration. 

 

6.2. Results and discussion 

6.2.1. Development of CFD-based compartment maps 

Compartment map definition and flow pattern 

The axial and radial velocity compartment maps developed in “Step 2: Zoning” are shown in 

Figure 6.1 for the largest simulated volumes run with benchmark conditions (BM) (Table 4.5), 

along with their corresponding CFD simulation results. The resulting compartment maps from 

overlapping the axial and radial velocity compartment maps are presented in Figures 6.2-6.4, 

also for the “low settings” conditions (LS) (Table 4.5). 

First, it is observed that the number of compartments in the stirred tank reactors is higher 

(Figures 6.3 and 6.4) (9-27) in comparison with the bubble columns (4-8) (Figure 6.2) for all 

volumes. The reason is that the flow in stirred tanks is more structured than in bubble columns 

(Figure 4.4). Accordingly, the RTD cases have a higher number of compartments (13-27) than 

those with A310 configuration (9-22). In all cases, a linear increase is observed between the 

volume and the number of compartments (Figures 6.2-6.4). No significant difference between 

the benchmark and low settings cases is found regarding the number of compartments, their 

shape, size and distribution. This is in accordance with previous work [41], where the lack of 

significant change in these compartment map characteristics was underlined once turbulent 

flow was well developed. This is demonstrated with the calculation of the impeller Reynolds 

numbers, which for all cases studied are fully turbulent (Re > 104) with values ranging between 

2.6 × 105 and 3.5 × 106. 

In the stirred tank reactors, the flow behaviour provides an alternate pattern of positive and 

negative axial and radial velocities (Figure 6.1B, C, E and F). The shape and size of the 

compartments vary with the impeller configuration. This behaviour was also observed for the 

LS conditions (data not shown). The compartment distribution, shape and size of the axial 

velocity-based compartment maps of the RTD cases (Figure 6.1B) match with previous work 

using the same compartmentalisation method [41]. This involved the development of 

compartment models based on a single-phase CFD simulation of a 700 L baffled stirred tank 

reactor with 3 RTD impellers operated at a volumetric power input of 1.51 kW m-3 [41]. The 

compartment distribution of the radial velocity is also equivalent between this (Figure 6.1E) 
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and previous work [41]. Nevertheless, the size of the adjacent compartments to the impellers 

is larger in the 700 L stirred tank reactor in comparison with the one simulated here for the 

compartment maps based on the radial velocity field. Differences in scale, geometry and/or 

modelling approach (two-phase instead of single-phase CFD simulation) could play a role in 

determining the shape and size of the compartments based on the radial velocity. Additional 

modelling work varying these parameters is required to draw further conclusions. 

In the overlapped compartment maps, the main direction of the flows is depicted with arrows 

for the largest volume operated at BM conditions (Figures 6.2C-6.4C). Previously, Vrábel et 

al. [97] developed two compartment models for 30 m3 stirred tank reactors, with two 

configurations of four impellers similar to those used in this work (multiple radial or radial and 

axial impellers). Here, comparable hydrodynamic behaviour depending on the impeller 

configuration was found in accordance with Vrábel et al. [97]. Other work in the literature 

regarding the development of hydrodynamic-based compartment maps for multiple-impeller 

stirred tanks focused on the study of vessels agitated with RTDs. Although different 

compartmentalisation methodologies were used, a comparable compartment flow direction 

was also found [34], [35], [119], [236]. 

In this work, it was the first time that this compartmentalisation routine was applied to bubble 

column bioreactors. The flow pattern in bubble columns is considerably less structured than 

in stirred tanks because the high level of bubble-induced turbulence is not dampened by a 

governing rotational velocity. The axial velocity fields showed good agreement between all 

bubble column cases, with a main middle compartment representing the liquid ascension due 

to the air flow, and another compartment near the walls representing the re-circulation 

(Figure 6.1A). The point where the flow direction changes is approximately 0.71 times the 

radius (Figure 6.2), corresponding to the value of the critical radius. 

However, the radial velocity profiles were not as consistent, with different distributions 

depending on the plane and operational conditions. The resulting overlapped compartment 

maps of both axial and radial velocity fields provided good agreement between number, 

distribution and volume of compartments operated at different conditions with the same 

volume (Figure 6.2). Furthermore, the compartment flow pattern (with one main re-circulation 

loop) (Figure 6.2C) was representative of bubble column bioreactors [25] and matched with 

the flow behaviour of bubble column compartment models from the literature [39], [237]. 

Finally, the bubble column CM mixing times evaluated showed good agreement with those 

estimated with CFD simulations (Figure 6.8). Consequently, the compartmentalisation 
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methodology was not modified for the bubble column cases despite the transient behaviour 

of the radial velocity field.  
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Figure 6.1. Axial (first row) and radial (second row) velocity profiles from the CFD simulation 
results (left slice) and its corresponding CFD-based compartment map (right slice) for the BC 
(A and D), the RTD (B and E) and the A310 (C and F) cases with the benchmark conditions (BM). 
Positive and negative values of the velocity fields are coloured in orange and in blue, 
respectively. 

BA C

D E F
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Figure 6.2. CFD-based compartment maps of the bubble columns corresponding to half a slice 
of a 2-D plane for the BM (A-C) and LS (D-F) conditions. The compartment volumes are coloured 
differently and numbered. The flows between compartments are not represented but the main 
flow behaviour is shown in subplot C. Black arrows point at the feeding compartments. 

 

Figure 6.3. CFD-based compartment maps of the stirred tank reactors with Rushton turbine 
disks corresponding to half a slice of a 2-D plane for the BM (A-C) and LS (D-F) conditions. The 
compartment volumes are coloured differently and numbered. The flows between 
compartments are not represented but the main flow behaviour is shown in subplot C. Black 
arrows point at the feeding compartments. 

A B C D E F

A B C D E F
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Figure 6.4. CFD-based compartment maps of the stirred tank reactors with a Rushton turbine 
disk at the bottom and 1-3 hydrofoil A310 impellers corresponding to half a slice of a 2-D plane 
for the BM (A-C) and LS (D-F) conditions. The compartment volumes are coloured differently 
and numbered. The flows between compartments are not represented but the main flow 
behaviour is shown in subplot C. Black arrows point at the feeding compartment. 

Oxygen mass transfer 

The 𝑘𝐿𝑎 and 𝑂∗ values were extracted from the CFD results and post-processed to calculate 

the 𝑘𝐿𝑎 and 𝑂∗ in each compartment. Thus, the 𝑘𝐿𝑎 and 𝑂∗ compartment values obtained 

need to be consistent with those calculated with the CFD simulations (Figures 4.6 and 4.7). 

The 𝑘𝐿𝑎 and OTR contour plots of the compartment maps for all case studies are shown in 

Figures 6.5-6.7. The OTR has been calculated assuming a homogeneous DO concentration 

of 20% of the saturation. 

The changing trend or constant value (for the BC LS and RTD LS cases) of the 𝑘𝐿𝑎 with 

increasing volume (Figure 4.8B, E and H) is captured in all reactor types. The 𝑘𝐿 of the bubble 

columns was set as a constant value (2×10-4 m s-1) in accordance with previous pilot scale 

measurements [105]. Consequently, the overall 𝑘𝐿𝑎 depended mainly on the interfacial area, 

which is correlated with the gas hold-up (Equation 4.8). Based on the CFD results, the latter 

was established to increase linearly with the volume or have a constant number for the BM 

and LS cases, respectively (Figure 4.8A). In contrast, the 𝑘𝐿𝑎 in the stirred tanks had a 

decreasing trend with the volume, except for the RTD LS case (Figures 4.8E and H). The 

A B C D E F
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reason was the increase in viscosity, which is negatively correlated with the value of 𝑘𝐿 

(Equation 4.9).  

The local distributions of 𝑘𝐿𝑎 and OTR depend on the reactor type and operational conditions. 

In the bubble column, both 𝑘𝐿𝑎 and OTR are larger in the left compartments that represent 

the middle of the column where the bubble plume is located in comparison with the right ones, 

that represent the region next to the wall (Figure 6.5). This is in accordance with the 𝑘𝐿𝑎 and 

OTR profiles simulated with CFD modelling (Figure 4.6 and 4.7), as a consequence of the 

local gas hold-up values, which are higher in the middle of the column and decrease near the 

walls (Figure 4.5). Finally, the effect of the hydrostatic pressure on the increased OTR in the 

bottom is also captured, particularly in the 88 m3 compartment models (Figure 6.5I and L), 

where a lower 𝑘𝐿𝑎 is observed at the bottom compartments but a higher OTR is also found. 

The compartment maps of the stirred tank reactors also capture the local 𝑘𝐿𝑎 adequately and 

OTR dynamics, with increased values at the compartments in the vicinity of the impellers 

(Figures 6.6 and 6.7) owing to increased local eddy dissipation rate and gas hold-up values. 

The difference in OTR between benchmark and low settings conditions is more pronounced 

in comparison with bubble columns, owing to the additional headspace pressure provided with 

BM conditions. Finally, as with the CFD results (Figures 4.6 and 4.7), low local 𝑘𝐿𝑎 (0-200 h-1) 

and OTR (0-2 g kg-1 h-1) values are observed for the RTD LS case at the compartments below 

the sparger (Figure 6.6D-F, J-L), due to the low gas dispersion. As in the CFD simulations, 

this indicates the potential occurrence of oxygen limitation metabolism when these 

compartment models are combined with microbial kinetics. On the contrary, moderate to high 

𝑘𝐿𝑎 (> 300 h-1) and OTR values (> 5 g kg-1 h-1) were found in the compartments just above 

the sparger with BM conditions. This effect was enhanced in the A310 BM case 

(Figure 6.7A-C, G-I) which had a higher gas dispersion rate as a consequence of using a 

higher agitation speed with the same impeller type as the RTD case at the bottom. The effect 

of the hydrostatic pressure on the OTR is not observed to the same extent here as for the 

bubble columns. The main reason is the more heterogeneous distribution of gas in the reactor 

in comparison with bubble columns, which makes it more difficult to identify changes with the 

height.  
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Figure 6.5. CFD-based compartment maps of the bubble columns corresponding to half a slice 
of a 2-D plane for the BM (A-C and G-I) and LS (D-F and J-L) conditions. The compartmentalised 
volumes correspond to 44, 63 and 88 m3.The compartment maps are coloured depending on 

their average 𝒌𝑳𝒂 (A-F) and OTR (G-L) values. The OTR has been calculated assuming a DO 
concentration of 20%. 
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Figure 6.6. CFD-based compartment maps of the stirred tank reactors with Rushton turbine 
disks corresponding to half a slice of a 2-D plane for the BM (A-C and G-I) and LS (D-F and J-L) 
conditions. The compartmentalised volumes correspond to 40, 60 and 90 m3. The compartment 
maps are coloured depending on their average 𝒌𝑳𝒂 (A-F) and OTR (G-L) values. The OTR has 
been calculated assuming a DO concentration of 20%. 
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Figure 6.7. CFD-based compartment maps of the stirred tank reactors with hydrofoil A310 
impellers and a Rushton turbine disk at the bottom corresponding to half a slice of a 2-D plane 
for the BM (A-C and G-I) and LS (D-F and J-L) conditions. The compartmentalised volumes 
correspond to 40, 60 and 90 m3. The compartment maps are coloured depending on their 
average 𝒌𝑳𝒂 (A-F) and OTR (G-L) values. The OTR has been calculated assuming a DO 
concentration of 20%. 
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In conclusion, the compartmentalisation routine used seems to process and capture in an 

adequate manner the fluid dynamics (compartment volumes, flows and connections) and 

mass transfer (𝑘𝐿𝑎 and OTR) variables from the CFD results in different volumes, operational 

settings and reactor types. The subsequent assessment is focused on the mixing performance 

of the compartment models by calculating the mixing time and comparing it with that obtained 

with CFD modelling. The determination of the mixing time is of interest to get an idea of the 

distribution efficiency of glucose throughout the reactor during fed-batch operation. 

6.2.2. Mixing time calculation 

The mixing time was calculated in nine case studies for both CFD and CM simulations. These 

corresponded to the BC BM, RTD LS and A310 LS cases for all volumes. Two tracers were 

added at the top and bottom feeding positions and their concentration evolution was monitored 

in two points. The location of the feeding and monitoring points and the mixing time results 

are presented in Figures 6.8-6.10.  

The first observation arising from the mixing time estimations is that the bubble columns have 

mixing times one order of magnitude lower than the stirred tank reactors (Figures 6.8-6.10). 

The results have the same order of magnitude as the mixing times calculated with correlations 

from the literature. These correspond to 1-18 s for the bubble columns (Equation 2.9) [93], 

98-495 s for STRs with only RTD impellers and 91-597 s for STRs with one RTD impeller at 

the bottom combined with hydrofoil A310 impellers (Equation 2.8) [91]. No significant 

differences in the mixing time values depending on the volume are observed in the bubble 

columns, while there is a volume-dependent increase in the stirred tanks. 

Subsequently, it is observed that the location of the monitoring point does not lead to 

significant variations in the mixing time. Regarding the feeding point location, the majority of 

BC and A310 cases present longer mixing times with top feeding. In the RTD case, no 

significant variations in mixing time depending on the feeding position are observed. Although 

a trend is observed for the BC and A310 cases, the lack of numerical replicates does not 

make these data conclusive, as significant variation in the simulated mixing time can be 

observed with a transient CFD setup, as well as with experimentation [109]. Nevertheless, the 

CFD data give an idea of the expected mixing time values.  
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Figure 6.8. Mixing time calculation for the BC BM case. The top and bottom feeding positions 
are shown for the CFD and CMs at volumes of 44 (A), 63 (B) and 88 (C) m3. The top feeding 
position is shown with a red sphere and a blue arrow for the CFD and CMs, respectively. The 
bottom feeding position is shown with a black sphere and a grey arrow for the CFD and CMs, 
respectively. The monitoring points are shown with yellow spheres or circles. The mixing times 
estimated for the top and bottom monitoring points are summarised in subplots D and E, 
respectively. 
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Figure 6.9. Mixing time calculation for the RTD LS case. The top and bottom feeding positions 
are shown for the CFD and CMs at volumes of 40 (A), 60 (B) and 90 (C) m3. The top feeding 
position is shown with a red sphere and a blue arrow for the CFD and CMs, respectively. The 
bottom feeding position is shown with a black circle and a grey arrow for the CFD and CMs, 
respectively. The monitoring points are shown with yellow spheres or circles. The mixing times 
estimated for the top and bottom monitoring points are summarised in subplots D and E, 
respectively. 
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Figure 6.10. Mixing time calculation for the A310 LS case. The top and bottom feeding positions 
are shown for the CFD and CMs at volumes of 40 (A), 60 (B) and 90 (C) m3. The top feeding 
position is shown with a red sphere and a blue arrow for the CFD and CMs, respectively. The 
bottom feeding position is shown with a black sphere and a grey arrow for the CFD and CMs, 
respectively. The monitoring points are shown with yellow spheres or circles. The mixing times 
estimated for the top and bottom monitoring points are summarised in subplots D and E, 
respectively. 
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For the quantitative comparison of the mixing time differences estimated with CFD and 

compartment models, the absolute and relative difference ranges have been calculated for all 

cases studied (Table 6.2). The relative differences between CFD and CMs have a large range, 

varying between 1 and 72%. The cases that presented higher relative difference values are 

those with the A310 configuration, followed by the RTD and the BC cases (Table 6.2). The 

relative difference values do not depend on the monitoring point (Figures 6.8-6.10) or the 

simulated volume. The bubble columns seem to present an overall better agreement between 

CFD and CM mixing time estimations with top feeding, while the opposite effect is observed 

with stirred tanks (Table 6.2).  

Table 6.2. Absolute (Abs.) and relative (Rel.) difference (Diff.) ranges of the mixing time 
predictions for the BC BM, RTD LS and A310 LS case studies with top and bottom feeding 
positions. 

Case 
study 

Volume 
[m3] 

Top feeding position Bottom feeding position 

Abs. Diff. [s] Rel. Diff. [%] Abs. Diff. [s] Rel. Diff. [%] 

BC BM 

44 7 – 8 43 – 57 2 – 5 15 – 34 

63 7 – 9 44 – 55 4 – 5 27 – 36 

88 1 3 – 7 1 5 – 9 

RTD 
LS 

40 6 – 12 13 – 24 9 – 20 32 – 56 

60 1 – 21 1 – 22 6 – 27 7 – 29 

90 76 – 88 41 – 45 102 – 106 51 – 53 

A310 
LS 

40 20 – 25 32 – 38 21 – 26 37 – 47 

60 167 – 174 63 – 67 172 – 192 65 – 72 

90 111 – 140 35 – 43 169 – 170 49 – 51 

 

Both in silico and in real life, the absolute difference of the mixing time values is likely to play 

a bigger role in the prediction of significant gradients that affect process performance than the 

relative difference. Regardless of the mixing time value, the cells are likely to cope better with 

smaller differences in the mixing time (e.g. 10 s) than with larger ones (e.g. 100 s). Thus, 

although the relative error in mixing time in bubble columns has similar values as in stirred 

tanks, these differences are not likely to have such a large effect in the prediction of significant 

gradients in bubble columns in comparison with those observed in stirred tanks. 

Many factors can influence the predictive capacity of mixing performance in compartment 

models. First, due to the highly transient mixing behaviour, it is possible to achieve different 

results in the same reactor with the addition of different tracers using the same feeding 

positions and monitoring points both with CFD modelling and experimentation [109]. Thus, 

the calculation of the mixing time of several tracer replicates is needed to obtain statistically 

meaningful values that can be compared with those obtained with compartment models. For 
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the 40 m3 cases, two additional tracers in both top and bottom feeding positions were 

introduced in the CFD simulations (data not shown). The calculation of the mixing times based 

on the three replicates yielded standard deviation values of 7-18%, 2-12% and 11-34% for the 

BC BM, RTD LS and A310 LS cases, respectively.  

Based on these uncertainty levels, it is observed that the degree of variation depends on the 

reactor type, showing higher uncertainty in the A310 LS case, followed by the BC BM and the 

RTD LS cases. These uncertainty results are correlated with the relative difference values 

observed between CFD and compartment models (Table 6.2). Both are linked to the different 

hydrodynamics of the case studies. Particularly, the A310 configuration presents one main 

loop surrounding each impeller (Figure 4.4). These loops are isolated between them, resulting 

in high velocity values only in the vicinity of the impeller. Furthermore, significant dead zones 

in terms of velocity field are observed between impellers in the majority of the reactor volume. 

This could have been overcome by placing the impellers closer to each other. The poor 

connection between re-circulating loops may challenge the compartmentalisation of this case 

study, and may also result in high uncertainty in the mixing time (12-36% for the 40 m3 case). 

In contrast, the multiple re-circulating loops from the RTD case provide higher local velocities 

and have a better connection between them (Figure 4.4). This is why the mixing uncertainty 

is lower (2-12% for the 40 m3 case) than for the A310 case. Finally, the hydrodynamics of the 

bubble column case also allows the adequate connection between zones (Figure 4.4), 

decreasing the uncertainty in comparison with the A310 case (7-18% for the 44 m3 case).  

Summarising, mixing times have been calculated with CFD and compartment models, and 

compared for a few selected case studies with different reactor types and volumes. Having 

considered both absolute and relative differences between CFD and CM mixing time 

estimations (Table 6.2), bubble columns are concluded to present the best agreement 

between modelling techniques, followed by the RTD cases and, to a lesser extent, the A310 

configuration. Further work should focus on calculating the mixing time for a higher number 

of tracer replicates to get an idea of the uncertainty of the mixing time depending on the reactor 

type and volume.  

Although significant variations have been observed in the mixing times of a few cases of the 

STRs, the fact that the order of magnitude and the mixing time trend were captured is a 

promising finding. It must be emphasised that compartment models are simplifications of CFD 

models, not only for the high reduction of the number of volumes representing the fluid domain 

(2.7 × 105-7 × 106 mesh cells (CFD) compared with 4-27 compartments (CM)), but for the 

exclusion of the Navier-Stokes equations. These simplifications entail a reduced resolution in 
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the results, as well as a meaningful decrease in the computational demand. For the least 

computationally-demanding stirred tank case (A310 LS with 40 m3), the elapsed time to 

evaluate the concentration evolution of two tracers for 90 s with CFD modelling required 

8.46 × 105 seconds with 32 CPU cores, while the elapsed time of the same case study with 

the compartment model was 1 second with 1 CPU core. This reduction in the elapsed time 

value and the computational resources needed is larger with higher number of mesh elements 

(e.g. larger volume, more internal hardware) and of additional variables (e.g. implementation 

of kinetic model variables). Then, despite the massive simplification the compartment model 

is capable of representing the dynamics of the system and obtain a result of the same order 

of magnitude as the CFD model, the prediction from the compartment model will be 

considered to be sufficient for the purpose of predicting the magnitude and occurrence of 

gradients in fermentation processes. Thus, the judgment of whether a prediction is sufficiently 

close between CFD and compartment models depends on the end-application of the 

simulation. For understanding the magnitude, occurrence and impact of gradients, just 

capturing the behaviour of the system is sufficient. If higher resolution is required, CFD models 

need to be used instead. Furthermore, compartment models can be initially used to screen 

different conditions and select the cases that need a higher precision to be subsequently 

simulated with CFD models. 

Here, no experimental data are available to validate the CFD and compartment models. This 

information is of great interest to quantify the accuracy of both modelling techniques. 

Therefore, experimental validation is encouraged to be performed in the future. However, CFD 

models are already considered to provide accurate predictions of the experimental values in 

bioreactors seeing the good agreement in mixing time values and prediction of fermentation 

variables (e.g. substrate concentration) between CFD simulations and experimental values in 

the literature [19], [20], [86], [109]. 

The ultimate goal of compartment models in this work is their combination with microbial 

kinetics to perform simulations of aerobic fed-batch fermentation processes. The comparison 

presented here between the mixing times calculated with CFD and compartment models 

allows the understanding of potential mismatches in fermentation variables (e.g. glucose 

concentration, metabolic regimes expressed) with different modelling tools.  
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6.3. Conclusions 

In this chapter, an already developed automatic CFD-based tool [41] has been utilised to build 

compartment models and investigate the impact of different reactor types, operational 

conditions and volumes (40, 60 and 90 m3) on fluid dynamics, oxygen mass transfer and 

mixing performance. The two main conclusions of this work are the following. 

Initially, bubble column compartmentalisation was conceived as a challenging task as bubble 

columns present a highly transient velocity profile, especially for the radial velocity field even 

when transient averages are collected for relatively long time periods (90 s). In this work, six 

velocity-based compartment maps for bubble columns have been developed, which show 

adequate compartment volume distributions and flow patterns. Furthermore, the bubble 

column compartment maps present consistency in terms of number of compartments per 

volume and oxygen transfer variables. Finally, the mixing time predictions present low 

absolute differences in comparison with those obtained with CFD modelling, evidencing the 

adequate representation of mixing performance by the bubble column compartment models. 

Secondly, the validation of the compartmentalisation methodology was previously done with 

mixing time predictions in a single-phase pilot (700 L) bioreactor agitated with multiple RTD 

impellers. The compartmentalisation routine has been further tested here by modelling 

industrial-scale two-phase processes with distinct reactor types. The models have shown to 

capture adequately the fluid dynamics and mass transfer. Nevertheless, high variations in the 

mixing time predictions between CFD and compartment models have been observed in some 

STR cases with high reactor volumes (60 and 90 m3), especially for the A310 LS case. This 

is linked to the fluid dynamic behaviour of the A310 LS case, which leads to poor connection 

between re-circulation loops. Furthermore, the number of impellers is also hypothesised to 

play a role, as the same tracer can follow more different paths in the same system. Further 

work involving more statistical samples of mixing times in the different case studies can 

provide a better understanding of the uncertainty of the CM predictions in comparison with 

CFD modelling. 

Finally, the development of hydrodynamic-based compartment models requires fluid 

dynamics data. In this thesis, these data are provided with CFD modelling. Then, the 

computational time of solving the hydrodynamics with CFD modelling needs to be considered, 

which can lead to elapsed real times of days to weeks. Nevertheless, once the hydrodynamic-

based compartment models are built, kinetic models can be implemented and simulations of 

multiple scenarios can be performed very fast. If CFD models need to be run to solve the 
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hydrodynamics and the microbial kinetics, the elapsed real time to solve multiple scenarios 

becomes unfeasible, as solving one single case already takes weeks to months. Hence, there 

is still computational time involved in the solving of hydrodynamics with CFD models to build 

compartment models, but that is acceptable if the microbial kinetics can be solved with 

compartment models. To completely avoid the utilisation of CFD modelling, fluid dynamics 

data can be obtained from other sources. For instance, free-floating sensor particles can be 

used to measure axial velocity profiles and circulation time distributions in bioreactors. These 

data can be further processed to build compartment models based on these experimental 

measurements, avoiding the utilisation of CFD modelling. 
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Chapter 7 

Compartment modelling of glucose and dissolved 

oxygen concentration gradients in aerobic fed-batch 

fermentation processes 
 

Abstract 

In this chapter, the impact of glucose and dissolved oxygen concentration gradients on the 

fermentation process performance has been assessed. For this purpose, the compartment 

models (CMs) developed in Chapter 6 have been extended with microbial kinetic models of 

three industrial workhorses (Bacillus licheniformis, Escherichia coli and Saccharomyces 

cerevisiae). The results have been compared with those obtained by CFD modelling 

combined with kinetics (Chapter 5) in terms of local concentration distributions of glucose, 

dissolved oxygen and by-product, metabolic regime spatial distributions and volume fractions, 

and yield values of biomass on substrate. Both CFD and CMs combined with kinetic models 

show that glucose starvation is the most frequent metabolic regime that the cells experience. 

Thus, the selection of microorganisms and operational conditions that lead to the minimisation 

of glucose starvation is essential for the prevention of significant gradients. The utilisation of 

S. cerevisiae over B. licheniformis and E. coli, and benchmark conditions over low settings 

are shown to reduce gradient occurrence. Furthermore, compartment models offer similar 

predictions as CFD models as to whether significant gradients develop in a system. 

Considering the volumes where significant gradients normally developed (60 and 90 m3), an 

average difference of 28% has been estimated for the yield of biomass on substrate between 

CFD and CM simulations. This level of uncertainty is an adequate trade-off for gradient 

screening purposes seeing the great simplification and decrease in computational demand 

and time (up to six orders of magnitude) that CMs entail in comparison with CFD models. 

Finally, seeing the occurrence of a modelling artefact when glucose starvation takes place, 

this work underlines the need for more complex kinetic models to improve gradient prediction 

and to get a more informed idea of the process-related implications of gradients. 
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7.1. Computational methods 

The aim of this chapter is to assess the magnitude and occurrence of gradients in several 

stages (40, 60 and 90 m3) of aerobic fed-batch fermentation processes with varying reactor 

types, operational conditions, microorganisms and feeding positions by utilising compartment 

models (CMs) combined with microbial kinetic models. The motivation to use compartment 

models instead of Computational Fluid Dynamics (CFD) models is the fact that compartment 

models have run times many orders of magnitude less than CFD models. Hence, they can be 

feasibly used to model fermentation processes in their entirety, or screen numerous process 

configurations. A limitation of compartment models is that their description of the 

hydrodynamics is far less detailed than CFD models, however it is not understood to what 

extent this affects their predictive capabilities. The results from CMs are compared with the 

CFD simulations from Chapter 5 in order to examine the differences between the two 

approaches. Once the degree of uncertainty in the model has been examined the CMs are 

used to assess the magnitude and occurrence of gradients in several stages of aerobic fed-

batch fermentations using three reactor configurations and microorganisms. 

7.1.1. Simulation of fermentation processes with compartment 

models 

The compartment models were developed in Chapter 6 based on hydrodynamics results of 

Computational Fluid Dynamics (CFD) simulations to describe the fluid dynamics, mixing and 

oxygen transfer of the different cases studied. The reactor types used correspond to two 

stirred tanks with different impeller configurations: (1) with two to four Rushton turbine disk 

impellers (RTD case) or (2) with one Rushton turbine disk impeller at the bottom and two to 

three A310 hydrofoil impellers at the top (A310 case). The operational conditions evaluated 

are benchmark (BM) and low settings conditions (LS). Benchmark conditions for the stirred 

tanks used a volumetric power input (𝑃𝑖/𝑉𝐿) of 4 kW m-3, a headspace pressure of 1 bar and 

an aeration rate of 1 vvm of the initial volume, while low settings conditions used a 𝑃𝑖/𝑉𝐿 of 

1 kW m-3, no overpressure and an aeration rate of 0.5 vvm of the initial volume. The 

differences between benchmark and low settings for the bubble columns were regarding the 

aeration rate, which was kept at 1 and at 0.5 vvm, respectively. For all cases the feed was 

added either in the top or the bottom of the reactor as indicated in Figures 6.2-6.4. 

The kinetic models of Bacillus licheniformis (Chapter 3), Escherichia coli (Table 5.1) and 

Saccharomyces cerevisiae (Table 5.1) were those utilised in Chapter 5 for the simulations of 

fermentation process snapshots with CFD modelling. The glucose feed rates (𝐹𝐺) and 



163 

 

biomass concentrations (𝑋) are those calculated in Chapter 5 and have been summarised in 

Table 7.1. 

Table 7.1. Biomass concentration (𝑿) in kg m-3 and glucose mass rate (𝑭𝑮) in kg h-1 extracted 
from the dynamic simulations of aerobic fed-batch fermentation processes with ideal mixing. 

Volume 
[m3] 

BC BM BC LS RTD BM RTD LS A310 BM A310 LS 

𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 𝑋 𝐹𝐺 

B. licheniformis 

40 5 95 5 94.6 5 103 5 111 5 104 5 112 

60 71 128 65.8 134 109 538 72.7 158 108 517 58.9 117 

90 78.2 196 72 197 138 588 79.8 260 135 554 53.4 159 

E. coli 

40 5 79.2 5 78.8 5 86.1 5 92.2 5 86.6 5 93.2 

60 82.4 203 68.8 186 104 441 82.7 244 103 431 77.9 220 

90 102 327 86.2 302 133 674 105 432 131 652 87.6 339 

S. cerevisiae 

40 20 194 20 194 20 212 20 226 20 213 20 229 

60 57 227 58 221 65.4 867 58 278 65.1 838 58.2 193 

90 75.6 312 76.1 296 92.6 1030 79.4 408 91.9 974 69.8 202 

 

The compartment models with kinetics were implemented in MATLAB® 2019a, where the 

solver ode15s was used for solving the mass balances of three state variables in each 

compartment: glucose (𝑀𝐺,𝐶𝑜𝑚𝑝) (Equation 7.1 (feeding compartment) and 7.2), by-product 

(acetate or ethanol) (𝑀𝐵𝑃,𝐶𝑜𝑚𝑝) (Equation 7.3) and dissolved oxygen (𝑀𝑂,𝐶𝑜𝑚𝑝) (Equation 7.4). 

The absolute and relative tolerance values were set to 1×10-5 and 1×10-6, respectively. The 

mathematical expressions describing the mass change of these state variables are 

summarised below 

𝑑𝑀𝐺,𝐶𝑜𝑚𝑝
𝑑𝑡

=∑𝐹𝑖𝑛𝐺𝑖𝑛,𝐶𝑜𝑚𝑝 −∑𝐹𝑜𝑢𝑡𝐺𝐶𝑜𝑚𝑝 + 𝑞𝐺,𝐶𝑜𝑚𝑝𝑀𝑋,𝐶𝑜𝑚𝑝 + 𝐹𝐺 (7.1) 

𝑑𝑀𝐺,𝐶𝑜𝑚𝑝
𝑑𝑡

=∑𝐹𝑖𝑛𝐺𝑖𝑛,𝐶𝑜𝑚𝑝 −∑𝐹𝑜𝑢𝑡𝐺𝐶𝑜𝑚𝑝 + 𝑞𝐺,𝐶𝑜𝑚𝑝𝑀𝑋,𝐶𝑜𝑚𝑝 (7.2) 

𝑑𝑀𝐵𝑃,𝐶𝑜𝑚𝑝
𝑑𝑡

=∑𝐹𝑖𝑛𝐵𝑃𝑖𝑛,𝐶𝑜𝑚𝑝 −∑𝐹𝑜𝑢𝑡𝐵𝑃𝐶𝑜𝑚𝑝 + 𝑞𝐵𝑃,𝐶𝑜𝑚𝑝𝑀𝑋,𝐶𝑜𝑚𝑝 (7.3) 

𝑑𝑀𝑂,𝐶𝑜𝑚𝑝
𝑑𝑡

=∑𝐹𝑖𝑛𝑂𝑖𝑛,𝐶𝑜𝑚𝑝 −∑𝐹𝑜𝑢𝑡𝑂𝐶𝑜𝑚𝑝 + 𝑞𝑂,𝐶𝑜𝑚𝑝𝑀𝑋,𝐶𝑜𝑚𝑝 +

𝑘𝐿𝑎𝐶𝑜𝑚𝑝 × (𝑂𝐶𝑜𝑚𝑝
∗ − 𝑂𝐶𝑜𝑚𝑝) × 𝑀𝐿,𝐶𝑜𝑚𝑝 (7.4)

 

where 𝐹𝑖𝑛 and 𝐹𝑜𝑢𝑡 correspond to the inflow and outflow mass rates in a compartment, 

𝐺𝑖𝑛,𝐶𝑜𝑚𝑝, 𝐵𝑃𝑖𝑛,𝐶𝑜𝑚𝑝 and 𝑂𝑖𝑛,𝐶𝑜𝑚𝑝 are the glucose, by-product and dissolved oxygen 
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concentration at the inlet, 𝐺𝐶𝑜𝑚𝑝, 𝐵𝑃𝐶𝑜𝑚𝑝 and 𝑂𝐶𝑜𝑚𝑝 are the glucose, by-product and dissolved 

oxygen concentration in each compartment, 𝑞𝐺,𝐶𝑜𝑚𝑝, 𝑞𝐵𝑃,𝐶𝑜𝑚𝑝 and 𝑞𝑂,𝐶𝑜𝑚𝑝 are the specific 

rates for glucose, by-product and dissolved oxygen in each compartment, 𝑀𝑋,𝐶𝑜𝑚𝑝 and 

𝑀𝐿,𝐶𝑜𝑚𝑝 are the biomass and liquid broth masses in each compartment, and 𝑘𝐿𝑎𝐶𝑜𝑚𝑝 and 

𝑂𝐶𝑜𝑚𝑝
∗  correspond to the overall mass transfer coefficient and the oxygen concentration at 

saturation in each compartment.  

The number of differential equations to be solved depended on the case study, corresponding 

to the product of the number of state variables (3) and the number of compartments (4-27) of 

the compartment map used. As with CFD models combined with microbial kinetics, biomass 

growth was neglected due to the relative short simulation time (90 s).  

Simulations with one compartment were also performed with the same initial conditions and 

operational settings in order to compare both CFD and CM simulations with kinetics with an 

ideally mixed case (IM). The 𝑘𝐿𝑎 and 𝑂∗ values used for this simulation were the volume-

weighted averages calculated with the CFD simulations (Figure 4.8). 

As in the CFD simulations with microbial kinetics, all IM and CM simulations were run for 90 s. 

The mass data of glucose, by-product and dissolved oxygen in each compartment were time-

averaged for the last 60 s. The rates and yield coefficients were calculated based on these 

mass averages. 

7.1.2. Calculation of yield coefficients 

One relevant metric to quantify process performance is the biomass yield on substrate. Thus, 

two yield coefficients were calculated in both CFD and CM simulations combined with kinetics: 

the observed yield of biomass on glucose (𝑌𝑋𝐺
𝑂𝑏𝑠) and the total observed yield (𝑌𝑇𝑜𝑡𝑎𝑙

𝑂𝑏𝑠 ). 

The observed yield of biomass on glucose (𝑌𝑋𝐺
𝑂𝑏𝑠) is the ratio of biomass mass produced from 

glucose and the total glucose mass assimilated for growth purposes; the total observed yield 

(𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠 ) is the ratio of biomass mass produced from any substrate (glucose and by-product) in 

respect to the total substrate mass assimilated for growth purposes.  

To calculate the overall 𝑌𝑋𝐺
𝑂𝑏𝑠, the 𝑌𝑋𝐺

𝑂𝑏𝑠 values in the regimes where glucose was assimilated 

for growth purposes (oxidation (Ox), overflow (Of) and oxygen limitation (OL)) were first 

estimated. This was done by calculating the volume-weighted average of the specific growth 

rate based on glucose (𝜇𝐺) and the specific glucose uptake rate (𝑞𝐺) in the volume of each 

regime and by dividing them (𝜇𝐺/|𝑞𝐺|). Then, the observed yields of the different regimes were 
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summed taking the volume fraction of each regime in respect to the overall volume into 

account (𝑉𝑇
𝑟𝑒𝑔
/𝑉𝑇) (Equation 7.5). 

𝑌𝑋𝐺
𝑂𝑏𝑠 =

∑
𝜇𝐺
𝑂𝑥𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝

𝑂𝑥

𝑉𝑇
𝑂𝑥

∑
|𝑞𝐺
𝑂𝑥|𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝

𝑂𝑥

𝑉𝑇
𝑂𝑥

𝑉𝑇
𝑂𝑥

𝑉𝑇
+

∑
𝜇𝐺
𝑂𝑓
𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝑂𝑓

𝑉𝑇
𝑂𝑓

∑
|𝑞𝐺
𝑂𝑓
|𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝑂𝑓

𝑉𝑇
𝑂𝑓

𝑉𝑇
𝑂𝑓

𝑉𝑇
+

∑
𝜇𝐺
𝑂𝐿𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝

𝑂𝐿

𝑉𝑇
𝑂𝐿

∑
|𝑞𝐺
𝑂𝐿|𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝

𝑂𝐿

𝑉𝑇
𝑂𝐿

𝑉𝑇
𝑂𝐿

𝑉𝑇
(7.5) 

The calculation of 𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠  followed a similar approach as 𝑌𝑋𝐺

𝑂𝑏𝑠. The difference was that the 

specific growth and substrate uptake rates corresponded to those of both glucose and by-

product. Furthermore, the 𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠  of the glucose starvation (GS) regime was also calculated, 

as biomass growth on by-product can take place under such circumstances. The 

mathematical expression for the calculation of 𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠  is defined in Equation 7.6. 

𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠 =

∑
𝜇𝐵𝑃
𝐺𝑆𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝

𝐺𝑆

𝑉𝑇
𝐺𝑆

∑
|𝑞𝐺
𝐺𝑆 + 𝑞𝐵𝑃

𝐺𝑆|𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝐺𝑆

𝑉𝑇
𝐺𝑆

𝑉𝑇
𝐺𝑆

𝑉𝑇
+

∑
(𝜇𝐺
𝑂𝑥 + 𝜇𝐵𝑃

𝑂𝑥)𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝑂𝑥

𝑉𝑇
𝑂𝑥

∑
|𝑞𝐺
𝑂𝑥 + 𝑞𝐵𝑃

𝑂𝑥|𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝑂𝑥

𝑉𝑇
𝑂𝑥

𝑉𝑇
𝑂𝑥

𝑉𝑇
+

∑
𝜇𝐺
𝑂𝑓
𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝑂𝑓

𝑉𝑇
𝑂𝑓

∑
|𝑞𝐺
𝑂𝑓
|𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝
𝑂𝑓

𝑉𝑇
𝑂𝑓

𝑉𝑇
𝑂𝑓

𝑉𝑇
+

∑
𝜇𝐺
𝑂𝐿𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝

𝑂𝐿

𝑉𝑇
𝑂𝐿

∑
|𝑞𝐺
𝑂𝐿|𝑉𝑇,𝐶𝑒𝑙𝑙 ∨ 𝐶𝑜𝑚𝑝

𝑂𝐿

𝑉𝑇
𝑂𝐿

𝑉𝑇
𝑂𝐿

𝑉𝑇
(7.6)

 

Finally, the yield coefficient was estimated for the simulations with one compartment by 

dividing 𝜇𝐺 and |𝑞𝐺|. The calculation was simpler because the only regime that was expressed 

was oxidation. Moreover, neither by-product formation nor assimilation took place, so 𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠  

was simplified to 𝑌𝑋𝐺
𝑂𝑏𝑠. 

 

7.2. Results and discussion 

The results and discussion section is focused on two main objectives. First, the simulation 

results from the compartment models with microbial kinetics are compared with CFD results 

with microbial kinetics (Chapter 5) to evaluate the uncertainty that compartment models entail 

in comparison with CFD models. Then, compartment models with microbial kinetics are used 

to analyse the impact of local glucose and dissolved oxygen concentration gradients on 

fermentation process performance for the variety of scenarios simulated (different volumes, 

reactor types, operational conditions, microorganisms and feeding positions) to identify the 

conditions that lead to significant gradients. The variables that have been investigated are the 
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local glucose and dissolved oxygen concentration distributions, the metabolic regimes that 

cells experience, the local by-product concentration levels and the biomass yield coefficients. 

7.2.1. Local glucose and dissolved oxygen concentrations 

Comparison between CFD and compartment models 

First, the local glucose and dissolved oxygen (DO) concentration values simulated with 

compartment models with kinetics are analysed and compared with the CFD models with 

kinetics. In order for the compartment models to make reasonable predictions of the rates of 

growth, nutrient uptake and product formation, it is necessary that they are able to predict the 

distribution of glucose and dissolved oxygen throughout the fermenter. Due to the 

simplifications involved in the development of compartment models (Chapter 6), they cannot 

describe the hydrodynamics in as much detail as CFD models. However, as shown in 

Figure 7.1, the predicted glucose and dissolved oxygen concentrations are in good agreement 

with the CFD predictions. For the sake of consistency, the RTD case with low settings and top 

feeding using B. licheniformis was shown as it was examined previously (Figure 5.7). All other 

cases presented similar agreement, but have not been shown due to space limitations. 
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Figure 7.1. Comparison between local glucose concentration (A-B) and dissolved oxygen 
concentration (C and D) profiles with CFD (A and C) and compartment models (B and D) for the 
90 m3 aerobic fed-batch fermentation process snapshot of the RTD case with B. licheniformis, 
top feeding and low settings conditions.  

Comparison between compartment models with different operational settings 

This section focuses on examining the local glucose and DO concentration distributions 

simulated with compartment models combined with microbial kinetics. Due to the high 

computational burden of combining CFD models with kinetic models, the effect of different 

operational conditions on gradient occurrence and magnitude was not studied with CFD 

modelling. Besides discussing the effect of the operational conditions on the glucose and DO 

concentration distributions with compartment models, their metabolic consequences are also 

examined. The local glucose and DO concentration results of the B. licheniformis simulations 

with the RTD case with top and bottom feeding positions are shown in Figures 7.2 and 7.3, 

respectively.  
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Stirred tanks with Rushton turbine disk impellers (RTD) and top feeding (TF) 

Benchmark (BM)    Low settings (LS) 

 

Figure 7.2. Compartment map contour plots of the transient average glucose concentration (A-
F) and DO concentration (G-L) values resembling three points at total volumes of 40, 60 and 
90 m3 of the aerobic fed-batch fermentation processes with B. licheniformis with the RTD case, 
top feeding and benchmark (A-C and G-I) or low settings (D-F and J-L) conditions. The feeding 
compartments are indicated with arrows.  
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Stirred tanks with Rushton turbine disk impellers (RTD) and bottom feeding (BF) 

Benchmark (BM)    Low settings (LS) 

 

 

Figure 7.3. Compartment map contour plots of the transient average glucose concentration (A-
F) and DO concentration (G-L) values resembling three points at total volumes of 40, 60 and 
90 m3 of the aerobic fed-batch fermentation processes with B. licheniformis with the RTD case, 
bottom feeding and benchmark (A-C and G-I) or low settings (D-F and J-L) conditions. The 
feeding compartments are indicated with arrows.  
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The local glucose concentration is highest at the feeding compartment and decreases with 

increasing distance and decreasing connection (Figures 7.2A-F and 7.3A-F). Furthermore, 

the local glucose concentration values present a smaller magnitude difference between 

compartments in the simulations at 40 m3 in comparison with those performed at larger 

volumes. At 60 and 90 m3, the glucose concentration has relatively high values in the feeding 

compartment (up to 0.13 g kg-1 considering all simulations), and very low values 

(< 0.005 g kg-1) in the rest of the compartments. This observation holds for all different reactor 

types and operational settings with exception of all bubble column simulations with S. 

cerevisiae and some stirred tank simulations at 60 m3 also with S. cerevisiae (data not shown). 

Those cases present a more similar profile to the 40 m3 cases than to the 60 and 90 m3 cases, 

with smaller differences in the glucose concentration values between compartments. 

Simulations with S. cerevisiae show higher glucose concentration values in comparison with 

simulations with B. licheniformis and E. coli because the affinity constant (𝐾𝐺) is significantly 

higher (0.15 kg m-3) than those of the other microorganisms (0.05 kg m-3) (Table 5.1). 

Consequently, the average glucose concentration in the S. cerevisiae liquid broth is higher, 

preventing the development of regions with very low glucose concentrations values 

(< 0.005 g kg-1) in comparison with B. licheniformis and E. coli. The local glucose 

concentration follows the same pattern with both benchmark and low settings conditions 

(Figures 7.2A-F and 7.3A-F). From a metabolic regime perspective, low glucose 

concentration values (< 0.005 g kg-1) indicate the potential occurrence of glucose starvation. 

The local dissolved oxygen concentration is depicted for the RTD cases with B. licheniformis 

(Figures 7.2G-L and 7.3G-L), and for all case studies with E. coli for the largest volume 

(90 m3) (Figure 7.4). The E. coli cases are shown because the largest DO concentration 

gradient was observed with CFD modelling (Figures 5.8 and 5.9). The explanation is the lower 

oxygen maintenance level of E. coli (Table 5.1), which leads to a lower oxygen demand and 

significantly higher DO levels in regions where glucose starvation occurs in comparison with 

B. licheniformis and S. cerevisiae. 

The most remarkable improvement in the DO concentration distribution when using 

benchmark conditions instead of low settings is the disappearance of the dead spot (< 10% 

DO saturation) beneath the sparger observed in the RTD LS cases with B. licheniformis and 

top feeding (Figure 7.2) owing to increased local oxygen transfer rates. Nevertheless, 

consistent improvements of the DO level in the feeding zone were not observed in any of the 

cases (Figures 7.2G-L, 7.3G-L and 7.4), meaning that the volume with low DO values 

(< 10% DO saturation) at the feeding region was not reduced. Thus, although the utilisation 
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of benchmark conditions leads to higher OTR levels (e.g. 3 to more than 10 g kg-1 h-1 in stirred 

tanks with benchmark conditions in comparison with 0 to 5 g kg-1 h-1 with low settings) 

(Figure 6.5-6.7), the fact that higher feeding rates and biomass concentrations are used 

(Table 7.1) does not allow the improvement of the DO concentration distribution at the feeding 

zone. With BM conditions, higher DO concentration values are observed in comparison with 

LS conditions (10 to 30% increase) (Figures 7.2G-L, 7.3G-L and 7.4). Nevertheless, the 

region with low DO concentration (< 10% DO saturation) with risk of developing oxygen 

limitation has approximately the same volume. The region below this threshold is more 

important than the absolute values of the DO concentration when those are already at a safe 

level (> 10%). The reason is that the impact on cell performance does not depend on the DO 

concentration value but whether the DO concentration is below or above a certain threshold 

(Figure 3.1). 

Summarising, the local concentration distributions of glucose and dissolved oxygen simulated 

with compartment models present good agreement with those found with CFD modelling. In 

the majority of cases, at the 60 and 90 m3 simulations, a large glucose concentration gradient 

is observed between the feeding compartment and the rest of the reactor, indicating the 

presence of glucose starvation. Furthermore, the DO level becomes lowest at the feeding 

compartments and those adjacent to them. No significant changes in the distribution of 

glucose and DO concentration values are observed when using different operational settings. 
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Benchmark (BM)    Low settings (LS) 

 

Figure 7.4. Compartment map contour plots of the transient average DO concentration values 
resembling the endpoint (90 m3) of the aerobic fed-batch fermentation process with E. coli with 
top feeding (A-F) and bottom feeding (G-L) for the BC BM (A and G), RTD BM (B and H), A310 
BM (C and I), BC LS (D and J), RTD LS (E and K) and A310 LS (F and L) cases. The feeding 
compartments are indicated with arrows.  
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7.2.2. Metabolic regimes 

Spatial distribution of metabolic regimes 

The distribution of metabolic regimes is shown in the compartment maps of the B. 

licheniformis cases at the largest simulated volume (90 m3) for all reactor types, operational 

conditions and feeding positions in Figure 7.5. The 90 m3 case has been shown as this is the 

most likely to have significant gradients as this case has the highest volume, cell density and 

feed rate. No significant gradients were observed for all simulations with a volume of 40 m3, 

bubble columns with S. cerevisiae and all RTD BM cases with S. cerevisiae at a volume of 

60 m3. For these cases more than 99% of the reactor experienced oxidation. For the remaining 

cases where gradients were observed the distribution of metabolic regimes was similar. 

Therefore, to illustrate this point, the B. licheniformis cases are examined. 

Figure 7.5 shows the distribution of metabolic regimes for the B. licheniformis case for the 

three reactor configurations examined at both benchmark and low settings. The combination 

of two regimes in the same compartment is represented with a checked pattern. That does 

not mean they are expressed in an equal portion, but that both regimes are found with volume 

fractions ranging between 10 and 90%.  

As shown in Figure 7.5, the feeding compartments experience oxidation or oxygen limitation. 

Compartments near the feed compartment experience similar conditions with oxygen 

limitation occurring to a lesser extent. The remainder of the reactor volume experiences 

glucose starvation, with this regime accounting for the majority of the reactor volume. 

The metabolic regime volumes were previously shown for the CFD results of the RTD LS case 

studies with B. licheniformis (Figure 5.12). Generally, the same regime distribution is observed 

in both CFD and compartment models with a region close to the feeding position with oxidative 

and by-product-forming metabolism and glucose starvation in the rest of the liquid broth. 

Moreover, with the RTD LS case with bottom feeding, the occurrence of both oxygen limitation 

and glucose starvation and oxygen limitation regimes is captured with both CFD and CM 

modelling approaches (Figures 5.12 and 7.5), indicating a good prediction of the metabolic 

regime distribution with compartment models. Besides this case study, the spatial distribution 

of metabolic regimes shows good agreement in most cases between CFD and compartment 

models. What the compartment models fail to predict in all case studies is the occurrence of 

overflow metabolism. Overflow metabolism takes place in all CFD simulations, with a 

maximum volume fraction of 2%. As the overflow volume fractions are very low, it is likely that 

the compartment models did not have sufficient spatial resolution to predict them. Instead, 
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compartment models predict oxygen limitation, which does not occur consistently in all CFD 

simulations (Figures 7.6-7.8). 
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Benchmark (BM)    Low settings (LS) 

 

 

Figure 7.5. Compartment map plots of the transient average metabolic regimes that the cells 
undergo in the endpoint (90 m3) of the aerobic fed-batch fermentation process with B. 
licheniformis with top feeding (A-F) and bottom feeding (G-L) for the BC BM (A and G), RTD BM 
(B and H), A310 BM (C and I), BC LS (D and J), RTD LS (E and K) and A310 LS (F and L) cases. 
The feeding compartments are indicated with arrows. The abbreviations GS, Ox, GSOL and OL 
stand for glucose starvation, oxidation, glucose starvation and oxygen limitation and oxygen 
limitation, respectively. The checked pattern indicates the co-existence of two regimes in the 
same compartment. 
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Metabolic regime volume fractions 

For a further quantitative assessment and comparison between modelling techniques (CFD 

and CM) and case studies, bar plot representations of the regime volume fractions are shown 

for B. licheniformis, E. coli and S. cerevisiae in Figures 7.6-7.8, respectively. As previously 

noted the 40 m3 cases and the bubble columns with S. cerevisiae were in the oxidative regime 

so these results have not been shown. 

In most cases, the CFD predicts higher and lower volume fractions of oxidation and oxygen 

limitation regimes in comparison with compartment models, respectively (Figures 7.6-7.8). 

Thus, the compartment models normally overestimate the degree of metabolic regime 

heterogeneity. Furthermore, CFD simulations consistently predict higher oxidation levels and 

decreased regime heterogeneity with bottom feeding, while the opposite effect is observed 

with compartment models (Figures 7.6-7.8). 
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Figure 7.6. Bar plots of the transient average volume fractions of the metabolic regimes (glucose 
starvation (blue), oxidation (orange), overflow (yellow), glucose starvation and oxygen limitation 
(purple) and oxygen limitation (green)) that the cells experienced in all case studies at 60 and 
90 m3 simulated with CFD and compartment models (CM) for B. licheniformis. TF and BF stand 
for top and bottom feeding, respectively. BM and LS refer to benchmark and low settings. 
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Figure 7.7. Bar plots of the transient average volume fractions of the metabolic regimes (glucose 
starvation (blue), oxidation (orange), overflow (yellow), glucose starvation and oxygen limitation 
(purple) and oxygen limitation (green)) that the cells experienced in all case studies at 60 and 
90 m3 simulated with CFD and compartment models (CM) for E. coli. TF and BF stand for top 
and bottom feeding, respectively. BM and LS refer to benchmark and low settings. 
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Figure 7.8. Bar plots of the volume fractions of the transient average metabolic regimes (glucose 
starvation (blue), oxidation (orange), overflow (yellow), glucose starvation and oxygen limitation 
(purple) and oxygen limitation (green)) that the cells experienced in all case studies at 60 and 
90 m3 simulated with CFD and compartment models (CM) for S. cerevisiae. TF and BF stand for 
top and bottom feeding, respectively. BM and LS refer to benchmark and low settings. 

Most compartment model benchmark cases show higher oxidation regime volume fractions 

than the low settings cases (Figures 7.6-7.8). This was expected because the benchmark 

simulations presented higher local glucose concentration values in the liquid broth, which 

prevents the occurrence of glucose starvation. Oxygen limitation also seems to be lower with 

the benchmark cases, with volume fraction differences in comparison with the low settings 

cases ranging between 0 and 10% (Figures 7.6-7.8). 

A comparison between reactor types and operational conditions is subsequently performed. 

The bubble column cases present higher oxidation levels, followed by the stirred tank 

benchmark and low settings cases, respectively (Figures 7.6-7.8). Within the stirred tanks, the 

RTD case seems to have higher oxidation values than the A310 configuration. The opposite 

phenomenon takes place when looking at oxygen limitation with higher values in stirred tanks 
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with low settings, followed by stirred tanks with benchmark conditions and bubble column 

simulations. The stirred tanks with the A310 configuration present higher oxygen limitation in 

comparison with the RTD cases simulated with the same operational conditions. These 

differences between RTD LS and A310 LS cases were also observed with the CFD 

simulations, where the A310 LS cases seemed to develop lower oxidation and higher oxygen 

limitation regimes. There are three main reasons for these results. First, it was previously 

established that the mixing time of the bubble columns was one order of magnitude lower than 

that of the stirred tanks (Figures 6.8-6.10). Consequently, it is less likely that the 

microorganisms develop significant gradients of glucose and DO concentration in such 

processes in comparison with stirred tanks. Secondly, the simultaneous occurrence of lower 

oxygen limitation and higher oxidation volume fractions in the benchmark cases in comparison 

with those operated with low settings can be justified by the higher oxygen transfer rate values 

of the benchmark cases (Figures 6.5-6.7). These lead to higher feed rates and glucose 

concentration levels, making it more difficult for the cells to develop glucose starvation. 

Furthermore, high oxygen transfer rates also help to prevent oxygen limitation. A larger 

change in gradient occurrence and magnitude with different operational conditions is 

observed to a greater extent with stirred tank reactors because the different operational 

settings applied (benchmark and low settings) cause larger differences on the OTR levels 

(Figures 6.6 and 6.7) in comparison with bubble columns (Figure 6.5). Finally, as the oxygen 

concentration at saturation is higher with benchmark conditions with stirred tank reactors, the 

normalised DO concentration in the liquid broth is higher than with low settings at the same 

DO concentration values. This also leads to the development of lower oxygen limitation 

volume fractions with stirred tank reactors operating with benchmark conditions. 

When analysing the regime volume fraction of different microorganisms, S. cerevisiae is 

observed to present oxidation to a bigger extent (Figure 7.8), followed by B. licheniformis 

(Figure 7.6) and E. coli (Figure 7.7). The reasons why are related to the values of their kinetic 

model parameters. As previously outlined, S. cerevisiae has a higher affinity constant (𝐾𝐺) 

value (0.15 kg m-3) than B. licheniformis and E. coli (0.05 kg m-3) (Table 5.1). Consequently, 

the glucose concentration in the liquid broth is higher for S. cerevisiae than for the other 

microorganisms. Moreover, the maintenance coefficient of S. cerevisiae is lower 

(0.02 kg kg-1 h-1) than those of B. licheniformis and E. coli (0.04 kg kg-1 h-1) (Table 5.1). This 

means that the threshold to develop glucose starvation is also lower, so the cells require a 

lower glucose concentration than for the other strains to undergo glucose starvation. Between 

B. licheniformis and E. coli, the latter suffers more from glucose starvation because it has 
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higher specific glucose uptake rates (Table 5.1). Thus, glucose is consumed faster close to 

the feeding position and does not have sufficient time to travel to other regions of the 

bioreactor. 

B. licheniformis presents oxygen limitation more consistently than S. cerevisiae, but the latter 

develops higher levels when it undergoes it (Figure 7.6 and 7.8). E. coli presents oxygen 

limitation in all cases, at volume fraction ranges between 6 and 19% (Figure 7.7). 

Furthermore, both glucose starvation and oxygen limitation (GSOL) also occurred 

simultaneously in the E. coli simulations, especially with stirred tanks (Figure 7.7), with volume 

fractions up to 25%. Glucose starvation and oxygen limitation also took place in the 

simulations with other microorganisms, but less often and at lower levels (up to 9 and 3% for 

B. licheniformis and S. cerevisiae, respectively). The occurrence of oxygen limitation reduces 

the yield of biomass on glucose, and enhances the formation of by-products, which may inhibit 

growth (Equation 5.1) and product formation [238]. In addition, the occurrence of glucose 

starvation and oxygen limitation has a more detrimental effect on process performance as 

neither glucose nor by-products are taken up for growth purposes. Therefore, the GSOL 

volume present is a dead volume that does not undergo any relevant metabolic activity. The 

occurrence of large volumes with GSOL is an indicator of poor process performance due to 

gradients. 

Previous work also examined the occurrence of different metabolic regimes in aerobic fed-

batch fermentation processes with S. cerevisiae with CFD simulations of a 22 m3 stirred tank 

reactor with RTD impellers [86] and a 0.24 m3 bubble column [28]. For the adequate 

comparison of the literature data and the simulations performed here, the specific glucose 

feeding rate has been calculated (Table 7.2). This correspond to the glucose feed rate divided 

by the biomass mass, and provides an idea of the magnitude of the glucose feed [19].  

Table 7.2. Summary of the reactor type, the mixing time and the specific feed rate of aerobic 
fed-batch process simulations with S. cerevisiae in the literature (CFD) and in this work (CFD 
and CMs). The mixing times reported from this work correspond to those calculated with CFD 
modelling (Figures 6.8-6.10). 

Reactor type Mixing time [s] Specific feed rate [kg kg-1 h-1] Ref 

Bubble column 
15 – 20 0.43 [28] 

11 – 17 0.33 – 0.06 This work 

Stirred tank 
reactor 

183 0.29 [86] 

28 – 208  0.33 – 0.04 This work 
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First, glucose starvation was not reported in the pilot bubble column from the literature [28], 

while up to 13% of the volume experienced overflow. In the bubble column cases with S. 

cerevisiae simulated here, glucose starvation was not found in the bubble column cases 

either. Furthermore, such high overflow levels were not found either (up to 0.3%). Higher 

overflow levels were reported in the literature because of the significantly higher value of the 

specific feed rate (Table 7.2).  

In contrast, the stirred tank simulation from the literature [86] presented a specific feed rate 

within the tested range here (Table 7.2). Moreover, glucose starvation and glucose-exceeding 

conditions were reported with volume fractions of 35 and 24% [86], respectively. Oxygen 

limitation was neglected in both simulations from the literature [28], [86]. As different values 

were used for the thresholds between regimes, the resulting regime volume fraction 

assessment was not the same. In the literature, a 4.2-fold higher value was used as the 

threshold to initiate glucose starvation, while a 2.3-fold smaller value was used to define 

glucose-exceeding conditions [86]. Thus, the window for the development of oxidation was 

smaller in the literature than in here for S. cerevisiae, ultimately overestimating the presence 

of different regimes in comparison with this work. These results highlight the high sensitivity 

of the model to the threshold values chosen between regimes, which can lead to significantly 

different results. Future work should aim at the thorough quantification of the uncertainty and 

sensitivity levels of the threshold values between metabolic regimes. Overall, the STR 

literature results still show good agreement with those simulated here in terms of the same 

type of metabolic regimes experienced, as well as the same magnitude. 

Summarising, S. cerevisiae has been shown both in the literature [28] and here not to present 

glucose starvation and to undergo overflow at a level of up to 13% with a high specific feed 

rate value (0.43 kg kg-1 h-1) with bubble columns. Nevertheless, when the specific feed rate is 

decreased to a range of 0.06 to 0.33 kg kg-1 h-1, overflow does not occur at a significant level 

(up to 0.3%). Furthermore, stirred tanks show significant gradients at the same specific rates 

as bubble columns with S. cerevisiae (Table 7.2). As previously discussed, the differences in 

the regimes experienced in stirred tank reactors in comparison with bubble columns with S. 

cerevisiae are likely to be associated with significant differences in the mixing times. This is 

reported both here and in the literature [28], [86], where mixing times in stirred tanks were 

found to be up to one order of magnitude higher (Table 7.2). In conclusion, the results 

presented here agree with the literature although some metabolic parameters and feed rates 

are not the same, and it has been seen that a reduction of the feed rate in bubble columns 

leads to a homogeneous metabolic environment. 
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7.2.3. Local by-product concentration 

By-product formation and re-assimilation took place when the compartment models were 

extended with microbial kinetics, as when CFD models were combined with kinetics 

(Figure 5.11). By-product formation was shown to be a consequence of oxygen-limited 

metabolism, as the compartment models did not capture overflow (Figures 7.6-7.8). By-

product re-uptake took place under both glucose starvation and oxidation regimes 

(Figures 7.6-7.8). The maximum by-product concentration was found in the feeding 

compartment and decreased with reduced connection to the feeding compartment. The 

maximum local by-product concentration values simulated for the 90 m3 case studies (i.e. 

those with highest by-product levels) are shown in Figure 7.9. 

 

Figure 7.9. Maximum local by-product concentration found in the compartment model 
simulations with kinetics for all case studies at 90 m3, i.e. when by-product concentrations were 
highest. BM and LS indicate benchmark and low settings conditions. TF and BF refer to top and 
bottom feeding positions, respectively. 

Both CFD (Figure 5.11) and CM (Figure 7.9) results present similar local by-product 

concentration values, ranging between 0 to 0.20 and 0 to 0.28 kg m-3, respectively for all 

reactor configurations examined. This is a good indication of the similarity of results with both 

modelling approaches. High acetate concentration levels (> 3 kg m-3) have been shown to 

fully inhibit the production of recombinant protein in E. coli [238]. Although such high levels 

are not found here, it is important to consider the potential inhibition caused by by-products 
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on growth and product formation when assessing the influence of gradients on process 

performance. 

B. licheniformis presents significantly lower by-product concentration values (up to 0.02 g kg-1) 

in comparison with E. coli (up to 0.25 g kg-1) and S. cerevisiae (up to 0.28 g kg-1) (Figure 7.9), 

as also observed with CFD modelling (Figure 5.11). The main reason is that the value of the 

yield of biomass on by-product (𝑌𝑋𝐵𝑃
𝑂𝑓

) (i.e. the mass of biomass per unit mass of by-product 

produced) is lower in E. coli and S. cerevisiae kinetics in comparison with B. licheniformis 

kinetics (Table 5.1), leading to higher by-product formation rates under similar environmental 

conditions. E. coli and S. cerevisiae show approximately the same by-product level in stirred 

tank reactors. In contrast, in bubble columns, a significant by-product concentration level is 

not found with B. licheniformis and S. cerevisiae simulations, and a very low concentration 

(up to 8.5 × 10-3 g kg-1) is observed in E. coli processes.  

With bubble columns, S. cerevisiae did not experience other regimes than oxidation either 

with benchmark or with low settings conditions (data not shown). Thus, ethanol formation did 

not take place. On the other side, B. licheniformis and E. coli simulations with bubble columns 

were observed to undergo oxygen limitation at similar volume fraction levels as stirred tank 

reactors (Figures 7.6-7.8). Hence the same by-product concentration levels were expected. 

However, the fact that bubble columns have shorter mixing times (one order of magnitude) in 

comparison with stirred tanks (Figures 6.8-6.10) is likely to lead to a more rapid distribution of 

by-product in the acetate re-uptake compartments (i.e. those experiencing oxidation and 

glucose starvation). This phenomenon ultimately resulted in lower local by-product 

concentration values. At the same time, the shorter mixing times in bubble columns have also 

avoided the occurrence of other regimes than oxidation in S. cerevisiae bubble column 

simulations. Another similarity with CFD modelling is that simulations with top feeding lead to 

higher by-product levels than with bottom feeding (Figures 5.11 and 7.9). Although significant 

differences in mixing time were not found with different feeding positions (Figures 6.8-6.10), 

it is hypothesised that mixing with top feeding was less efficient than with bottom feeding. 

Finally, when comparing different operational conditions (benchmark and low settings), the 

benchmark conditions lead to higher by-product concentration values. The higher feeding 

rates applied to the benchmark cases (Table 7.1) are likely to lead to higher glucose uptake 

and by-product formation rates, ultimately resulting in higher local by-product concentration 

levels. 

In conclusion, the local by-product concentrations modelled with CMs present good 

agreement with CFD results, with similar ranges and dynamics in terms of reactor type, 
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microorganism and feeding position. As with CFD modelling, the relatively high by-product 

formation values (up to 0.28 g kg-1) indicate that significant by-product re-assimilation is likely 

to take place, ultimately influencing process metrics. This effect is aggravated with benchmark 

conditions, possibly due to the higher feeding rates. 

7.2.4. Calculation of yield coefficients 

To quantify the effect of gradients on process performance the yield coefficients (𝑌𝑋𝐺
𝑂𝑏𝑠 and 

𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠 ) have been calculated for both the CFD and compartment models (Tables 7.3 and 7.4). 

Additionally, a comparison between the yields predicted using the two approaches has been 

presented in order to assess the differences in the modelling approaches. 
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Table 7.3. Transient average values of the observed yield of biomass on glucose (𝒀𝑿𝑮
𝑶𝒃𝒔) and the 

total observed yield (𝒀𝑻𝒐𝒕𝒂𝒍
𝑶𝒃𝒔 ) for the B. licheniformis (blich, in grey), E. coli (ecoli, in orange) and 

S. cerevisiae (scere, in blue) cases with top (TF) and bottom (BF) feeding positions. The yields 
of the simulations with ideal mixing (IM), CFD models (CFD) and compartment models (CMs) are 
summarised for case studies modelled with both CFD and CMs, which correspond to the BC 
BM, RTD LS and A310 LS cases at 60 and 90 m3. All units are in kg kg-1. 

Case 

BC BM 63 m3 BC BM 88 m3 

IM 
𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  
IM 

𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  

CFD CM CFD CM CFD CM CFD CM 

blich TF 
0.06 

0.16 0.12 0.16 0.12 
0.06 

0.12 0.08 0.19 0.11 

blich BF 0.21 0.06 0.21 0.09 0.22 0.06 0.22 0.11 

ecoli TF 
0.15 

0.14 0.10 0.19 0.18 
0.12 

0.15 0.05 0.21 0.14 

ecoli BF 0.18 0.05 0.21 0.10 0.19 0.04 0.23 0.14 

scere TF 
0.38 

0.28 0.38 0.32 0.38 
0.34 

0.22 0.35 0.28 0.35 

scere BF 0.33 0.38 0.34 0.38 0.28 0.35 0.29 0.35 

Case 

RTD LS 60 m3 RTD LS 90 m3  

IM 
𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  
IM 

𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  

CFD CM CFD CM CFD CM CFD CM 

blich TF 
0.08 

0.10 0.10 0.15 0.15 
0.08 

0.06 0.03 0.09 0.07 

blich BF 0.19 0.05 0.19 0.10 0.16 0.05 0.16 0.07 

ecoli TF 
0.16 

0.07 0.04 0.14 0.13 
0.14 

0.05 0.01 0.24 0.23 

ecoli BF 0.29 0.02 0.35 0.14 0.12 0.02 0.28 0.17 

scere TF 
0.38 

0.22 0.29 0.30 0.32 
0.35  

0.06 0.02 0.30 0.37 

scere BF 0.27 0.09 0.36 0.29 0.08 0.06 0.24 0.30 

Case 

A310 LS 60 m3 A310 LS 90 m3 

IM 
𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  IM 𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  

CFD CM CFD CM  CFD CM CFD CM 

blich TF 
0.01 

0.17 0.05 0.17 0.08 
0.02  

0.06 0.04 0.08 0.08 

blich BF 0.19 0.07 0.18 0.11 0.16 0.07 0.16 0.11 

ecoli TF 
0.13 

0.04 0.02 0.14 0.13 
0.09  

0.12 0.02 0.35 0.12 

ecoli BF 0.27 0.03 0.27 0.12 0.06 0.02 0.27 0.24 

scere TF 
0.33 

0.14 0.05 0.26 0.25 
0.22 

0.06 0.02 0.30 0.28 

scere BF 0.24 0.08 0.31 0.24 0.13 0.04 0.19 0.22 
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Table 7.4. Transient average values of the observed yield of biomass on glucose (𝒀𝑿𝑮
𝑶𝒃𝒔) and the 

total observed yield (𝒀𝑻𝒐𝒕𝒂𝒍
𝑶𝒃𝒔 ) for the B. licheniformis (blich, in grey), E. coli (ecoli, in orange) and 

S. cerevisiae (scere, in blue) cases with top (TF) and bottom (BF) feeding positions. The yields 
of the simulations with ideal mixing (IM) and compartment models (CMs) are summarised for 
case studies modelled uniquely with CMs, which correspond to the BC LS, RTD BM and A310 
BM cases at 60 and 90 m3. All units are in kg kg-1. 

Case  
 BC LS 64 m3 BC LS 89 m3 

IM 𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  IM 𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  

blich TF 
0.12 

0.14 0.14 
0.10  

0.11 0.19 

blich BF 0.13 0.19 0.10 0.16 

ecoli TF 
0.18 

0.11 0.19 
0.15 

0.07 0.21 

ecoli BF 0.08 0.19 0.07 0.19 

scere TF 
0.38 

0.38 0.38 
0.34 

0.34 0.34 

scere BF 0.38 0.38 0.34 0.34 

Case  
RTD BM 60 m3 RTD BM 90 m3 

IM  𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  IM  𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  

blich TF 
0.32 

0.18 0.23 
0.19 

0.06 0.09 

blich BF 0.19 0.26 0.09 0.15 

ecoli TF 
0.27 

0.09 0.20 
0.21 

0.02 0.26 

ecoli BF 0.12 0.22 0.04 0.16 

scere TF 
0.45 

0.45 0.45 
0.42 

0.23 0.45 

scere BF 0.45 0.45 0.17 0.44 

Case  
 A310 BM 60 m3  A310 BM 90 m3  

IM 𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  IM 𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  

blich TF 
0.31 

0.11 0.15 
0.18 

0.03 0.07 

blich BF 0.17 0.22 0.10 0.19 

ecoli TF 
0.27 

0.04 0.19 
0.21 

0.01 0.16 

ecoli BF 0.07 0.20 0.04 0.26 

scere TF 
0.45  

0.23 0.50 
0.42 

0.03 0.44 

scere BF 0.45 0.46 0.17 0.34 

 

The values at 40 m3 have not been shown for any simulations as they resulted the same yield 

values as with the simulations with ideal mixing. These ranged between 0.43 and 0.46 kg kg-1 

for all cases studied. No differences were observed between the observed yield of biomass 

on glucose (𝑌𝑋𝐺
𝑂𝑏𝑠) and the total observed yield (𝑌𝑇𝑜𝑡𝑎𝑙

𝑂𝑏𝑠 ) since by-product formation and re-

assimilation did not take place significantly. With CFD modelling, a volume of up to 1% was 

observed to develop overflow instead of oxidation in simulations with 40 m3 (data not shown). 

No effect on the yield coefficients was observed. A comparable situation occurs with the S. 

cerevisiae simulations with all volumes of the BC LS case and the RTD BM with 60 m3 

(Tables 7.3 and 7.4). This was expected as oxidation was the regime that took place in such 
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CM simulations (Figure 7.8). Thus, significant gradients that affect process performance are 

concluded not to occur under these conditions. Although similar regime distributions (mainly 

oxidation with traces of overflow (0.3%) and glucose starvation (0.5%)) were also reported for 

all cases of the BC BM CFD simulations with S. cerevisiae, a decrease in the yield of biomass 

on glucose was found for the 63 and 88 m3 cases (Table 7.3). With compartment models, the 

same yield as with ideal mixing was observed, and neither overflow nor glucose starvation 

took place. Thus, the occurrence of overflow metabolism seems to have played a role in the 

determination of the yield coefficient in the simulations with BC BM with S. cerevisiae. This 

was not shown to play a role for the BC LS and RTD BM cases because only compartment 

models were run, where overflow was not captured adequately. At the end, the total observed 

yield becomes the same as with compartment models for the BC BM case due to by-product 

re-uptake (Table 7.3). These results confirm the finding that compartment models are very 

capable of predicting whether a system undergoes significant gradients or not (i.e. those that 

lead to different metabolic regimes and yield values), as previously stated based on the 

metabolic regime volume fraction predictions. 

To compare the effect of gradients on the value of the yield coefficients in respect to 

simulations with ideal mixing, the yield difference percentages are shown in Figure 7.10. It is 

observed that the yield increases in most cases with B. licheniformis and to a lesser extent 

with E. coli. Furthermore, bottom feeding seems to increase the yield value in both 

microorganisms. The situation is different with S. cerevisiae, where yield loss is reported 

except for the A310 simulation with low settings and top feeding at 90 m3. In that case, the 

increase of the yield corresponds to 34%, which is significantly lower in comparison with the 

values obtained with the same configuration with B. licheniformis and E. coli (Figure 7.10A). 

The yield loss with S. cerevisiae ranges between 5 and 31%, and it seems higher with top 

feeding at 60 m3 and bottom feeding at 90 m3 (Figure 7.10A). 

By evaluating the compartment model results, the benchmark and low settings cases can be 

compared. Yield loss seems to occur more consistently with low settings than with benchmark 

conditions and vice versa (Figure 7.10B and C). As with the CFD results (Figure 7.10A), the 

dynamics of B. licheniformis and E. coli are very different to those of S. cerevisiae, with smaller 

changes in the yield value for S. cerevisiae. Finally, bubble columns seem to more consistently 

present yield increases in comparison with stirred tank reactors (Figure 7.10B and C). 

Significant differences between stirred tank reactor configurations are not observed nor 

between the different feeding positions.  
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Figure 7.10. Percentage difference between the total observed yield (𝒀𝑻𝒐𝒕𝒂𝒍
𝑶𝒃𝒔 ) calculated from the 

ideal mixing simulations and the 𝒀𝑻𝒐𝒕𝒂𝒍
𝑶𝒃𝒔  calculated with the CFD results (A), the compartment 

model results with benchmark conditions (BM) (B) and with low settings (LS) (C). blich, ecoli 
and scere refer to B. licheniformis, E. coli and S. cerevisiae, respectively. TF and BF stand for 
top and bottom feeding positions. 60 and 90 refer to simulations with 60 and 90 m3, respectively. 
Although the yield difference in some cases seems to reach 100%, the actual yield difference 
value is higher. The y axis has been cut for comparison. 
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The occurrence of gradients is normally associated with decreased yield coefficients [14], [21]. 

This situation holds for a few cases studied here (Figure 7.10), but the opposite effect (i.e. 

increase in yields with gradients in comparison with simulations with ideal mixing) is also 

observed. This phenomenon happens because of limitations in the kinetic model formulation.  

Glucose uptake follows the Herbert-Pirt approach (Equations 3.8-3.10), meaning that the 

specific glucose uptake rate depends on both growth and maintenance rates. The growth term 

is correlated with the specific growth rate value and varies accordingly, while the maintenance 

rate is constant (𝑚𝐺). Glucose starvation has been shown to be one of the most recurrent 

regimes because of the sharp glucose concentration gradient observed in many case studies 

at 60 and 90 m3 (Figures 7.2A-F and 7.3A-F). When glucose starvation occurs in some mesh 

cells or compartments, insufficient glucose is present to fulfil the maintenance requirements 

and the model calculates the specific glucose uptake rate assuming that all glucose present 

is taken up for maintenance purposes, consequently neglecting growth. This means that a 

larger glucose mass fraction is available in the other mesh cells or compartments where 

glucose starvation does not take place (i.e. those closer to the feeding position). In these other 

compartments, the amount of glucose that is used for maintenance is fixed regardless of the 

metabolic regimes that the cells experience in the other mesh cells or compartments. This 

implies that the remaining glucose that has not been used completely for maintenance in the 

glucose starvation mesh cells or compartments is used for growth, as the model definition for 

glucose uptake only offers these two possibilities. Consequently, when glucose starvation 

takes place, the observed yields of biomass on glucose present higher values than those 

calculated from the simulation with ideal mixing. This phenomenon is a modelling artefact 

arising from a too simple description of the glucose uptake rate that is not likely to actually 

occur.  

A numerical test was performed to check that the increase in the biomass yield with the 

occurrence of glucose starvation was not related with an imbalance in the kinetic model 

definition but to the modelling artefact previously discussed. For the BC BM case with 88 m3, 

the feed rate was increased ten times. This prevented the occurrence of glucose starvation 

and led to oxidation and oxygen limitation. A simulation assuming ideal mixing was also 

performed for the same case study. The kinetic model was constrained to only develop 

oxidation regardless of the local concentration values of glucose and dissolved oxygen with 

the purpose of comparing the gradient case presenting both oxygen limitation and oxidation 

with a reference. As expected, the observed biomass yield on substrate of the case study with 

ideal mixing was significantly higher than with compartment models. This test numerically 
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validated that it was the occurrence of glucose starvation with the type of kinetic model defined 

what led to increased yields in both the CFD and compartment model simulations with kinetics. 

In this work, maintenance includes all processes besides growth, and has been hypothesised 

to have a constant rate regardless of the metabolic regime that the cells experience. In 

contrast, van Bodegom [239] underlined that maintenance is a dynamic process that has non-

linear relationships with microbial rates for death and growth, yield coefficients and metabolic 

activity. Furthermore, Andersson et al. [77] also reported the non-linear relationship between 

the maintenance and the growth rates for E. coli, and observed a 90% loss in cell viability 

when the specific growth rate approached the specific rate of 0.04 kg kg-1 h-1 as a result of the 

stringent response arising from exposure to severe glucose starvation. This value has been 

used as the maintenance value for E. coli and B. licheniformis in this work (Table 5.1).  

Seeing the great extent of glucose starvation that cells experience in the CFD and CM results 

of this thesis, it is concluded that the maintenance value plays an important role in the 

determination of significant gradients in aerobic fed-batch fermentation processes. This is due 

to the cultivation strategy of such processes, which is based on keeping the cells at glucose-

limiting conditions. Then, the glucose uptake rate is controlled by the feed rate, which is 

adjusted with the oxygen transfer rate. After seeing that all simulations consistently work with 

glucose uptake levels bordering the maintenance requirements, it is concluded that further 

efforts should be put into developing kinetic models that describe more accurately cell 

behaviour at those conditions. For example, by including the possibility to vary the 

maintenance coefficient value depending on the environmental conditions and considering 

cell death rates. This would allow a more accurate idea of what is occurring at low glucose 

uptake rates to be obtained. Nevertheless, achieving a more complex description of 

maintenance kinetics is a very challenging task, as it is a dynamic parameter with difficult 

experimental determination. This is the reason why maintenance is mainly treated as a 

constant rate in the kinetic models from the literature [7], [8], [63], [121]. From a modelling 

perspective, providing a dynamic definition of maintenance would also entail a reduction of 

the mathematical difficulty to solve the equations for glucose uptake rate, as the use of a 

constant value increases the stiffness of the differential equations. The consideration of 

maintenance as a dynamic parameter dependent on the glucose concentration variance has 

been developed and used in a recent study [240] investigating glucose concentration 

gradients with E. coli. When combined with a fluid dynamics model, the use of a dynamic 

maintenance coefficient yielded closer predictions with experimental data in comparison with 

a constant definition of maintenance. 
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In order to judge what these results mean in terms of fermentation process performance, the 

specific product of each process needs to be considered. The processes modelled here with 

S. cerevisiae correspond to those used for the production of baker’s yeast. Therefore, the end 

product is the biomass itself and the productivity loss is directly correlated to the total observed 

yield. S. cerevisiae presented the least severe yield increases or losses with values ranging 

between -31 and 34% considering the CFD results and the compartment model simulations 

for those that CFD data were not available (Figure 7.10). The situation changes when 

analysing the results of B. licheniformis and E. coli. With both microorganisms, typical end 

products are not the biomass but enzymes [6] or recombinant proteins [241]. The products of 

these processes are not directly related to the growth rate [238]. To quantify the influence of 

gradients on the productivity of processes such of B. licheniformis and E. coli, product kinetics 

must be included. These have not been implemented in this work, as models that describe 

different product formation dynamics depending on the metabolic regimes that the cells 

experience are not found for these microorganisms in the open literature. 

Furthermore, changes in glucose uptake, product formation and biomass growth are likely to 

depend on the history of the culture, and on the type, length and magnitude of the cells 

fluctuations between the different zones (metabolic regimes) of the bioreactor [14], [28], [29]. 

Thus, the implementation of more complex models than those that are unsegregated and 

unstructured needs to be done for the consideration of culture history and fluctuations 

between zones when developing kinetic models. These models need to provide good 

predictions in significantly different timescales (hours to seconds) [28]. This has been 

previously done with both CFD [19] and compartment models [116], where structured [124] or 

population balance [122] models were implemented to industrial (20-22 m3 [18] and 54 m3 

[19]) fed-batch processes that accounted for product formation and/or cell growth for 

Pencillium chrysogenum and E. coli, respectively. The results were compared with 

experimental data and provided a significant better prediction than the use of unstructured 

and unsegregated models [19], [116]. 

The microorganism-dependent yield differences between simulations with ideal mixing and 

compartments models are related to the different cultivation strategies used. S. cerevisiae is 

cultivated at higher growth and glucose uptake rates (Figures 5.4-5.6) to maximise the 

biomass productivity. The combination of these process conditions and the fact that S. 

cerevisiae is less prone to undergo glucose starvation (because of the kinetic reasons 

previously underlined) minimises the occurrence of glucose starvation. In contrast, B. 

licheniformis and E. coli are grown at very low glucose concentration levels (Figures 5.4-5.6) 
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during long time periods (100 h), and have higher maintenance requirements (Table 5.1), 

ultimately leading to higher glucose starvation levels and increase in the yield values because 

of the modelling artefact previously explained.  

7.2.5. Comparison between CFD and compartment model yields 

To assess the difference between the yield coefficients from CFD and compartment model 

simulations combined with kinetics (Table 7.3), the mean absolute percentage error (MAPE) 

has been calculated for a few datasets of the simulations at 60 and 90 m3 (Table 7.5). The 

simulations with 40 m3 have not been included because significant gradients were not 

predicted. The mathematical expression for MAPE is shown in Equation 7.7: 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑|

𝑌𝐶𝐹𝐷,𝑖 − 𝑌𝐶𝑀,𝑖
𝑌𝐶𝐹𝐷,𝑖

|

𝑛

𝑖=1

× 100 (7.7) 

where 𝑛 corresponds to the total number of cases, and 𝑌𝐶𝐹𝐷 and 𝑌𝐶𝑀 correspond to the 

observed yield (total or of biomass on glucose) calculated from the CFD and compartment 

model simulations, respectively. 

Table 7.5. Mean absolute percentage error (MAPE) and standard deviation (𝝈) of the observed 
yield of biomass on glucose and the total observed yield of the CFD and the compartment model 
results for all the 60 and 90 m3 datasets, and those with different microorganism (B. 
licheniformis, E. coli and S. cerevisiae) and feeding positions (top or bottom feeding) also at 60 
and 90 m3. 

Dataset 
𝒀𝑿𝑮
𝑶𝒃𝒔 𝒀𝑻𝒐𝒕𝒂𝒍

𝑶𝒃𝒔  

𝑴𝑨𝑷𝑬 [%] 𝝈 [%] 𝑴𝑨𝑷𝑬 [%] 𝝈 [%] 

All (60 and 90 m3) 57 22 28 20 

60 m3 54 26 28 21 

90 m3 59 19 28 19 

B. licheniformis 51 24 38 19 

E. coli 69 19 31 24 

S. cerevisiae 49 19 15 8 

Top feeding 49 22 19 19 

Bottom feeding 64 21 36 17 

BC BM 49 24 32 16 

RTD LS 57 25 26 21 

A310 LS 64 16 26 23 

 

The main observation arising from Table 7.5 is that the mean absolute percentage error is 

higher for the observed yield of biomass on glucose than for the total observed yield. This 

means that the models present a larger discrepancy when they calculate the biomass 
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production uniquely from glucose than from both glucose and by-product. The significant 

differences in regime volume fractions between CFD and compartment model simulations are 

the cause of these mismatches (Figures 7.6-7.8). Nevertheless, when growth from by-product 

is also taken into account (𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠 ), the value of MAPE decreases by a factor ranging between 

1.3 and 3.3 considering all datasets. As a result, a difference between CFD and compartment 

models of 15 to 36% is observed. Hence, taking by-product formation into account leads to 

the calculation of more similar yields between different modelling techniques. 

Significant differences between the 60 and 90 m3 cases were not observed, because of the 

similar degree of metabolic heterogeneity (Figures 7.6-7.8). On the contrary, when comparing 

different microorganisms, the MAPE of S. cerevisiae has been shown to be lower than those 

of E. coli and B. licheniformis (Table 7.5). This is probably related to the fact that a lower 

degree of metabolic heterogeneity was observed for S. cerevisiae (Figures 7.8), because of 

the differences in kinetic model parameters previously discussed. B. licheniformis is the 

microorganism which leads to a highest MAPE in comparison with the other strains. That may 

be related to the low by-product formation and re-assimilation that takes place with B. 

licheniformis, that does not allow to compensate the lower observed yield of biomass on 

glucose as it does for E. coli and S. cerevisiae (Figures 5.11 and 7.9). Furthermore, top 

feeding predictions seem to generally provide a better agreement between CFD and CM 

results than bottom feeding. This is related with limitations in compartment model 

development that lead to poorer prediction with bottom feeding than with top feeding. Further 

work in compartment model development can help clarifying these differences between 

feeding positions. Nevertheless, significant differences in top and bottom feeding mixing time 

predictions were not previously observed (Figures 6.8-6.10). Further CM development checks 

should be performed to understand the differences in mixing, and improve compartment 

models so different conclusions in prediction accuracy do not result from different feeding 

positions. Regarding bioreactor type, significant differences were not found in the value of 

MAPE when comparing the operation of BC BM, RTD LS and A310 LS (Table 7.5). Finally, 

the combination of bioreactor type and feeding position on the value of MAPE was also 

investigated, but correlations between the variables studied were not found to yield different 

predictions (data not shown). It was observed that the RTD LS case presented the lowest 

MAPE of all combinations when combined with top feeding (10%) and the highest of all when 

combined with bottom feeding (41%).  

Finally, it is noted that the degree of uncertainty of the MAPE of yield coefficients is rather 

high, with an average standard deviation value of 20% (Table 7.4). The main exception are 
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the cases with S. cerevisiae, whose standard deviation is half of the average. The MAPE of 

the S. cerevisiae cases was lower because of the higher degree of oxidation. This can also 

be the reason for the lower variability. 

Summarising, an overall mean absolute percentage error (MAPE) of 28% is observed with a 

high variability of approximately 20% considering all case studies. Using microbial strains that 

lead to a lower metabolic heterogeneity level (e.g. S. cerevisiae) and top feeding can decrease 

the value of MAPE. No effects on scale or reactor type are found once significant gradients 

that lead to other regimes than oxidation take place. From a modelling perspective, the 

computational advantage of compartment models is remarkable in comparison with CFD 

models. When the hydrodynamic models were implemented with kinetics, an elapsed real 

time of 30 to 60 days was required to solve the CFD models, which were run with 32 or 

48 CPU cores. With compartment models, the computationally most demanding case 

(27 compartments) was solved with an elapsed real time of 2 seconds maximum, using 

1 CPU core. Thus, a deviation in the yield of approximately 28% seems like an adequate 

trade-off for the assessment of metabolic regime volume fractions and calculation of yields, 

also knowing the additional uncertainties that the different cases have. If additional accuracy 

in the predictions is required, compartment models can be improved by increasing the number 

of compartments and/or accounting for the 3-D geometry for their development. 

At this point, CFD models have shown to provide a good prediction of fluid dynamics and 

mass transfer in many different reactor types and scales [19], [24]–[26], [86], [90], [97]. 

Moreover, compartment models have shown to simplify CFD models with an average error of 

28% in the total observed yield. Depending on the end-product, the current models from the 

literature can already describe the microbial kinetics accurately. This seems to be the case 

for S. cerevisiae. Nevertheless, for microorganisms with more challenging product-formation 

dynamics (i.e. B. licheniformis and E. coli), the need of more complex models to describe 

product formation are required for the complete assessment of the impact of gradients on 

process performance. Finally, models that more precisely describe substrate uptake dynamics 

at low growth rates might be also required, seeing the frequent presence of such conditions 

in industrial fermentation processes. 

 

7.3. Conclusions 

This chapter has focused on the discussion of the fermentation process simulation results of 

compartment models combined with microbial kinetics for different reactor types, operational 
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conditions and volumes (40, 60 and 90 m3). The local glucose and dissolved oxygen 

concentration distributions and by-product levels have been examined in detailed. 

Furthermore, the spatial distribution and volume fractions of the metabolic regimes that the 

cells experience, and the yield coefficients have been calculated and compared with the CFD 

results of Chapter 5. This work has yielded the following three conclusions. 

First, it has been concluded that glucose starvation is the most important metabolic regime 

that cells experience other than oxidation, and its occurrence can be prevented with higher 

local glucose concentration levels. These are normally the result of using operational 

conditions with high oxygen transfer rate levels that lead to higher feeding rates (e.g. 

benchmark conditions), and/or strains with relatively high substrate affinity constants (𝐾𝐺), 

increasing the glucose concentration in the broth and allowing the substrate to have sufficient 

time to distribute throughout the reactor. The latter is the case of S. cerevisiae, which has 

been shown to develop significant gradients to a lower degree than B. licheniformis and E. 

coli. Furthermore, bubble columns have been shown to have lower mixing times, and 

consequently have developed less significant gradients than stirred tank reactors. 

Secondly, compartment models have shown to capture the behaviour of gradients to an 

acceptable level. This is supported by the similar local glucose and DO concentration 

distributions, by-product levels and metabolic regime volumes with both CFD and 

compartment models. Furthermore, an average deviation of the biomass yield of 28% 

between CFD and compartment models has been found. This value may be sufficient for the 

purpose of screening different fermentation processes with a very low computational demand 

as done here, but may be too high for other applications, such as for process optimisation. 

Then, compartment models need to be improved, or CFD modelling combined with kinetic 

models can be used instead, as an already-established modelling technique that allows the 

adequate representation of fluid dynamics, mixing and mass transfer in bioreactors. CFD 

models combined with kinetic models can also be used once the most interesting cases have 

been screened and selected after simulating them with compartment models with kinetics. 

Finally, with the results presented here, the fluid dynamics solution does not seem to be the 

largest challenge in gradient modelling, but of microbial kinetics. If high accuracy in the results 

is required, CFD models combined with kinetic models can be used. Alternatively, 

compartment models with kinetics can be utilised with knowledge of their uncertainty levels 

(Table 7.5). Future work is advised to focus on the development of kinetic models that can 

predict product formation under different regimes, especially those products that are not linked 

to growth (e.g. recombinant proteins [238]), on the assessment of the uncertainty and 
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sensitivity of the threshold values between metabolic regimes, and on the dynamic description 

of the maintenance coefficient. By doing that, more reliable predictions can be achieved, as 

these are some key points that have been encountered in the current kinetic models and have 

not been investigated in detail yet.  
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Chapter 8 

Development of dynamic compartment models for 

industrial aerobic fed-batch fermentation processes  

 
 

Abstract 

Computational Fluid Dynamics (CFD) and compartmental modelling (CM) combined with 

microbial kinetics have been used for the simulation of several snapshots of aerobic fed-batch 

fermentation processes, and for the characterisation of the impact of gradients on process 

performance (Chapters 5 and 7). Both CFD and CM approaches suffer from the limitation that 

they can only be used for fixed-volume processes. Although volume addition can be 

implemented in CFD models, the simulation time needs to be of the magnitude of hours to 

see a meaningful change in the total volume at realistic feed rates. This practice is not feasible 

with the current CFD models owing to the large computational cost, which leads to very long 

elapsed real times (weeks to months to simulate hundreds of seconds). Furthermore, existing 

compartment models for industrial bioreactors do not allow volume addition.  

In this chapter, a novel strategy for the development of dynamic compartment models (dCMs) 

for aerobic fed-batch processes is presented and applied to all case studies discussed 

previously (i.e. a bubble column and two stirred tanks with different impeller configurations 

with volumes ranging between 40 and 90 m3 and two different operational conditions). The 

discussion is centred on the assumptions made while developing this methodology, which 

mainly builds CFD-based compartment maps of other volumes than the ones simulated with 

CFD. The methodology is evaluated and will be used in Chapter 9 for the dynamic simulation 

of aerobic fed-batch fermentation processes accounting for fluid dynamics. 
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8.1. Computational methods 

8.1.1. Computational fluid dynamics (CFD) modelling 

The CFD results used in the development of dynamic compartment models were those 

discussed in Chapter 4, i.e. results after 90 s of transient averaging. 

8.1.2. Dynamic compartment model development 

The idea behind the dynamic compartmental approach developed in this chapter is to create 

a collection of compartment maps that can be used for the simulation of aerobic fed-batch 

fermentation processes for different time periods (fed-batch phases). The compartment maps 

are connected, so the overall process can be simulated continuously. If the change in volume 

due to the feed is less than approximately 10% of the initial volume of the compartment map, 

feed is added to the top compartments (increasing their volume). When the new target volume 

is reached, the simulation stops, the initial conditions with the new compartment map are 

calculated, the new compartment map is uploaded, and the process resumes and proceeds 

in the same manner until the end of the simulation. Uploading a new compartment map when 

a target volume is reached is performed because the addition of liquid at the top 

compartment(s) may not be sufficiently representative of the flow behaviour after a certain 

volume addition, so an updated compartment map may be required. The main hypothesis of 

this work is that a significant change in the mixing behaviour is not observed up to a 10% of 

the volume increase. Seeing the distribution of the intermediate compartment maps obtained, 

the percentage step used was concluded to be a good strategy for the development of 

dynamic compartment models. A more detailed discussion is provided in section 8.2.1. 

The strategy to build dynamic compartment models (Figure 8.1) follows four main steps which 

are discussed in detail in this section: (1) performing CFD simulations at different volumes 

and automatic CFD-based compartmentalisation, (2) construction of a collection of CFD-

based compartment maps at other volumes than the ones simulated (intermediate volumes 

corresponding to different fed-batch phases), (3) conversion to mass and feed addition at the 

top compartments and, (4) calculation of 𝑘𝐿𝑎 and 𝑂∗ in each compartment. 
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Figure 8.1. Schematic of the strategy used to develop dynamic compartment models that can 
represent the fluid dynamics, mixing and oxygen transfer of aerobic fed-batch fermentation 
processes. The case study exemplified corresponds to the bubble column with benchmark 
conditions (BC BM) with a volume ranging from 44 to 88 m3. 

Step 1: Automatic CFD-based compartmentalisation at different volumes 

First, multiple CFD simulations solving the fluid dynamics of the system are performed at 

different volumes of the reactor (Chapter 4). In this work, the three volumes correspond to the 

start (40 m3), middle (60 m3) and endpoint (90 m3) of the fermentation process. Then, the 

automatic compartmentalisation approach previously developed by Tajsoleiman et al. [41] and 

described in Chapter 6 is used to build compartment maps based on the axial and radial 

velocity fields by overlapping them. By following this approach, the resulting overlapped 
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compartment maps take the direction and magnitude of the flow into account and the 

compartment volumes, connections and flow rates are defined accordingly [41]. The CFD 

simulations and their resulting fixed-volume compartment maps have already been discussed 

in Chapter 6 and are shown in Figures 6.2-6.4.  

Step 2: Construction of the library of compartment maps at different volumes 

The second step is the development of a library of compartment maps at multiple volumes 

based on the CFD simulation results (intermediate volumes). As previously mentioned, the 

values of these intermediate volumes are calculated as approximately 110% of the initial 

volume of the working compartment map. Thus, the fed-batch fermentation processes are 

divided into eight different phases (Figures 8.3-8.8). The intermediate volumes correspond to 

the volume boundaries between the fed-batch phases. For each intermediate volume, the 

CFD information used to develop the compartment map corresponded to that of the next 

higher volume from which CFD data were available. For example, if a compartment map for 

a volume of 53 m3 is being developed, the CFD simulation results that will be used for the 

compartmentalisation will be those of 60 m3, while if a compartment map for 66 m3 is being 

built, the CFD simulation results will correspond to those of 90 m3. This assumption was made 

based on previous findings where the effect of the volumetric power input resulting from 

mechanical stirring (𝑃𝑖/𝑉𝐿) on the number and configuration of volumes and magnitude of 

flows was investigated [41]. In single-phase CFD simulations of a 700 L stirred tank reactor, 

it was reported that the magnitude of flows was correlated with the volumetric power input and 

that the distribution of volumes in the compartment map (number, size and location) changed 

until a critical 𝑃𝑖/𝑉𝐿 level was reached, from which point onwards the number and distribution 

of volumes did not vary significantly [41]. In this work, the power input per volume resulting 

from mechanical stirring was kept at an approximately constant level of 1 ± 0.5 kW m-3 or 

4 ± 0.5 kW m-3 for low settings or benchmark conditions, respectively (Table 4.5). To keep the 

magnitude of the flows at a similar level within one case study, the bubble columns were 

operated at a constant air flow rate of 0.5 or 1 vvm (Table 4.3). Summarising, adjustments in 

the magnitude of the flow rates between compartments were not performed because the 

power input per volume or the air flow were controlled. 

To utilise the automatic compartmentalisation routine, an Excel file is initially extracted with 

data from a user-defined 2-D plane of the CFD simulation results [41]. This file contains values 

of the coordinates, the area, the axial and radial velocity, the gas volume fraction, the overall 

mass transfer coefficient (𝑘𝐿𝑎) and the oxygen concentration at saturation (𝑂∗) at each node. 

These data are subsequently used to define the compartment volumes and flows by applying 
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the automatic compartmentalization routine [41]. For the development of compartment maps 

of different volumes other than that of the CFD simulations, the CFD extracted data 

corresponding to a larger volume than that to be re-compartmentalised were excluded. The 

target parameter used to select the excluded data was the liquid height (coordinate 𝑦), so 

when 𝑦 > 𝐻𝑇𝑎𝑟𝑔𝑒𝑡 the data were not taken into account. The 𝐻𝑇𝑎𝑟𝑔𝑒𝑡 values for all case studies 

are summarised in Table 9.1. 

Step 3: Conversion to mass and feed addition to the top compartments 

In Step 2, the intermediate volumes between process phases were identified and 

compartmentalised. Subsequently, the compartment volumes within each process phase are 

calculated to dynamically account for feed addition during the simulation. This is done by 

increasing the volume at the top compartments while maintaining a flat liquid surface. The 

strategy followed is shown in Figure 8.2. 

 

Figure 8.2. Schematic of the strategy used to account for feed addition at the top compartments 

for the BC BM case. The compartment map corresponding to 𝑽𝑻𝟎 is the compartment map at 
44 m3. When feed is being added, the volumes of the top compartments increases and maintain 

a flat liquid surface. 𝑽𝑻 corresponds to the compartment map at the end of the process phase.  

During dynamic simulations of fermentation processes, a lookup table approach is followed. 

Thus, at each time step of the dynamic simulation, the solver calculates the broth liquid mass 

from its mass balance and searches the compartment map whose summation of liquid broth 

masses in each compartment equals the total liquid broth mass, as well as its 𝑘𝐿𝑎 and 𝑂∗ 
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values in each compartment and updates them. The calculations are done on a mass basis 

rather than a volume basis to ensure mass conservation. 

First, the gas hold-up (𝛼𝐺) is used to calculate the liquid broth mass in each compartment. 

The gas hold-up is calculated using the CFD-based correlations or averages from Figure 4.8. 

Then, a gas hold-up factor (𝛼𝐺,𝐹𝑎𝑐𝑡𝑜𝑟) is calculated for each volume as shown in Equation 8.1: 

𝛼𝐺,𝐹𝑎𝑐𝑡𝑜𝑟(𝑉𝑇) =
𝛼𝐺(𝑉𝑇)

𝛼𝐺(𝑉𝑇0)
(8.1) 

𝛼𝐺,𝐹𝑎𝑐𝑡𝑜𝑟 is the fraction of change of the gas hold-up at a certain volume (𝑉𝑇) with respect to 

the initial volume (𝑉𝑇0). 

For the subsequent calculation of the gas hold-up in each compartment volume in a process 

phase (𝛼𝐺,𝐶𝑜𝑚𝑝), the 𝛼𝐺,𝐹𝑎𝑐𝑡𝑜𝑟 is multiplied by the initial gas hold-up in each compartment as 

shown in Equation 8.2. 

𝛼𝐺,𝐶𝑜𝑚𝑝(𝑉𝑇) = 𝛼𝐺,𝐹𝑎𝑐𝑡𝑜𝑟(𝑉𝑇) × 𝛼𝐺,𝐶𝑜𝑚𝑝(𝑉𝑇0) (8.2) 

As mass is only added at the top compartments, this variable is calculated differently 

depending on the location of the compartment. For all compartments but the top ones, the 

initial total volume in each compartment (𝑉𝑇0,𝐶𝑜𝑚𝑝) is multiplied by the liquid volume fraction 

in each compartment and the liquid broth density (𝜌𝐿=1050 kg m-3 [209]) as shown in 

Equation 8.3. 

𝑀𝐿,𝐶𝑜𝑚𝑝(𝑉𝑇) = 𝑉𝑇0,𝐶𝑜𝑚𝑝 × (1 − 𝛼𝐺,𝐶𝑜𝑚𝑝(𝑉𝑇)) × 𝜌𝐿 (8.3) 

For the calculation of the liquid mass in the top compartments, Equation 8.3 is extended with 

a term accounting for liquid mass addition as mathematically described with Equation 8.4: 

𝑀𝐿,𝐶𝑜𝑚𝑝(𝑉𝑇) = 𝑉𝑇0,𝐶𝑜𝑚𝑝 × (1 − 𝛼𝐺,𝐶𝑜𝑚𝑝(𝑉𝑇)) × 𝜌𝐿 +𝑀𝐿,𝑖𝑛 × 𝑇𝐶𝐹 (8.4) 

where 𝑀𝐿,𝑖𝑛 is the liquid mass added, and 𝑇𝐶𝐹 is a fraction indicating the mass going to each 

top compartment to ensure a flat liquid surface. In Chapter 6, it was described that the 

compartment models are developed by applying a grid to half a 2-D plane (Figure 6.1). In all 

cases, 15 horizontal divisions were used because the radius remains constant. To yield 𝑇𝐶𝐹, 

the fraction of the number of grid cells at the surface in each top compartment with respect to 

the total number of grid cells at the surface (15 cells) is calculated. 

Step 4: Calculation of 𝒌𝑳𝒂 and 𝑶∗ in each compartment  

Once 𝑀𝐿,𝐶𝑜𝑚𝑝 has been defined, the 𝑘𝐿𝑎 and 𝑂∗ values in each compartment (𝑘𝐿𝑎𝐶𝑜𝑚𝑝 and 

𝑂𝐶𝑜𝑚𝑝
∗ , respectively) need to be calculated. Initially, the overall value of each parameter within 

each process phase is calculated by using the correlations or averages previously estimated 

(Figure 4.8). Then, 𝑘𝐿𝑎𝐹𝑎𝑐𝑡𝑜𝑟  and 𝑂𝐹𝑎𝑐𝑡𝑜𝑟
∗

 are calculated, which correspond to the fraction of 
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each variable in a certain volume (𝑉𝑇) with respect to its value for the initial volume 

(Equations 8.5 and 8.6, respectively), as was done in Equation 8.1 for the gas hold-up.  

𝑘𝐿𝑎𝐹𝑎𝑐𝑡𝑜𝑟(𝑉𝑇) =
𝑘𝐿𝑎(𝑉𝑇)

𝑘𝐿𝑎(𝑉𝑇0)
(8.5) 

𝑂𝐹𝑎𝑐𝑡𝑜𝑟
∗ (𝑉𝑇) =

𝑂∗(𝑉𝑇)

𝑂∗(𝑉𝑇0)
(8.6) 

Subsequently, 𝑘𝐿𝑎𝐹𝑎𝑐𝑡𝑜𝑟 and 𝑂𝐹𝑎𝑐𝑡𝑜𝑟
∗  are multiplied by the initial values of 𝑘𝐿𝑎 and 𝑂∗ in each 

compartment for all volumes within a process phase, respectively (Equations 8.7 and 8.8), 

following the approach from Equation 8.2. 

𝑘𝐿𝑎𝐶𝑜𝑚𝑝′(𝑉𝑇) = 𝑘𝐿𝑎𝐹𝑎𝑐𝑡𝑜𝑟(𝑉𝑇) × 𝑘𝐿𝑎𝐶𝑜𝑚𝑝(𝑉𝑇0) (8.7) 

𝑂𝐶𝑜𝑚𝑝
∗ ′(𝑉𝑇) = 𝑂𝐹𝑎𝑐𝑡𝑜𝑟

∗ (𝑉𝑇) × 𝑂𝐶𝑜𝑚𝑝
∗ (𝑉𝑇0) (8.8) 

Equations 8.7 and 8.8 result into two variables 𝑘𝐿𝑎𝐶𝑜𝑚𝑝′ and 𝑂𝐶𝑜𝑚𝑝
∗ ′ that describe the values 

of 𝑘𝐿𝑎 and 𝑂∗ in each compartment directly using the CFD results corresponding to other 

volumes than those simulated for half a 2-D plane. In Chapter 6, these plane data were 

corrected so that the volume-weighted average of the 𝑘𝐿𝑎 and 𝑂∗ in all compartments resulted 

in the same volume-weighted average as that of the entire CFD volume 

(Equations 6.2 and 6.3). Here, a similar correction is performed by dividing the plane data by 

its volume-weighted average and multiplying it by the CFD volume-weighted average values, 

as shown in Equations 8.9 and 8.10.  

𝑘𝐿𝑎𝐶𝑜𝑚𝑝(𝑉𝑇) =
𝑘𝐿𝑎𝐶𝑜𝑚𝑝

′ (𝑉𝑇)

∑
𝑘𝐿𝑎𝐶𝑜𝑚𝑝

′ (𝑉𝑇) × 𝑀𝐿,𝐶𝑜𝑚𝑝(𝑉𝑇)

𝑀𝐿,𝐶𝑜𝑚𝑝(𝑉𝑇)

× 𝑘𝐿𝑎(𝑉𝑇) (8.9)
 

𝑂𝐶𝑜𝑚𝑝
∗ (𝑉𝑇) =

𝑂𝐶𝑜𝑚𝑝
∗ ′(𝑉𝑇)

∑
𝑂𝐶𝑜𝑚𝑝
∗ ′(𝑉𝑇) ×𝑀𝐿,𝐶𝑜𝑚𝑝(𝑉𝑇)

𝑀𝐿,𝐶𝑜𝑚𝑝(𝑉𝑇)

× 𝑂∗(𝑉𝑇) (8.10)
 

 

8.2. Results and discussion 

8.2.1. Development of dynamic compartment models 

The libraries of compartment models for all cases studied (BC, RTD and A310 under BM or 

LS conditions) are shown in Figures 8.3-8.8. As expected, the number of compartments in the 

compartment maps show an increase with the working volume, especially in the stirred tank 

cases.
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Figure 8.3. Collection of compartment maps representing the different zones resulting of overlapping the transient average axial and 
radial velocity fields of the CFD results of a bubble column operating under benchmark conditions (BC BM) (Table 4.5) at nine working 
volumes (liquid and gas phases) ranging from 44 to 88 m3. The compartment maps for 44, 63 and 88 m3 have been built using an 
automatic CFD-based methodology [41]. The compartment maps for 48, 53 and 59 m3 have been developed based on the 63 m3 
compartment map, while those of 69, 77 and 84 m3, from the 88 m3 compartment map. For the CFD-based compartment maps, arrows 
depicting the direction of the main flows are shown. The compartment maps based on those also show a similar pattern. The fluid 
dynamics of a fermentation process performed with this system can be divided into eight phases, as indicated in this figure. The 
compartment number is indicated in each compartment map. This numbering scheme is used when plotting process variables in each 
compartment. The top and bottom feeding compartments are indicated with black arrows.  

 

44 48 53 59 63 70 77 84 88
Volume

[m3]

1Phase [#] 2 3 4 5 6 7 8

Bubble column – Benchmark conditions (BC BM)
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Figure 8.4. Collection of compartment maps representing the different zones resulting of overlapping the transient average axial and 
radial velocity fields of the CFD results of a bubble column operating under low settings (BC LS) (Table 4.5) at nine working volumes 
(liquid and gas phases) ranging from 43 to 89 m3. The compartment maps for 43, 64 and 89 m3 have been built using an automatic 
CFD-based methodology [41]. The compartment maps for 47, 52 and 57 m3 have been developed based on the 64 m3 compartment 
map, while those of 70, 77 and 85 m3, from the 88 m3 compartment map. For the CFD-based compartment maps, arrows depicting the 
direction of the main flows are shown. The compartment maps based on those also show a similar pattern. The fluid dynamics of a 
fermentation process performed with this system can be divided into eight phases, as indicated in this figure. The compartment 
number is indicated in each compartment map. This numbering scheme is used when plotting process variables in each compartment. 
The top and bottom feeding compartments are indicated with black arrows. 

 

43 47 52 57 64 70 77 85 89
Volume

[m3]

1Phase [#] 2 3 4 5 6 7 8

Bubble column – Low settings conditions (BC LS)
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Figure 8.5. Collection of compartment maps representing the different zones resulting of overlapping the transient average axial and 
radial velocity fields of the CFD results of a stirred tanks with Rushton turbine disk impellers operating under benchmark conditions 
(RTD BM) (Table 4.5) at nine working volumes (liquid and gas phases) ranging from 40 to 90 m3. The compartment maps for 40, 60 and 
90 m3 have been built using an automatic CFD-based methodology [41]. The compartment maps for 44, 48 and 53 m3 have been 
developed based on the 60 m3 compartment map, while those for 66, 73 and 80 m3, from the 90 m3 compartment map. For the CFD-
based compartment maps, arrows depicting the direction of the main flows are shown. The compartment maps based on those also 
show a similar pattern. The fluid dynamics of a fermentation process performed with this system can be divided into eight phases, as 
indicated in this figure. The compartment number is indicated in each compartment map. This numbering scheme is used when 
plotting process variables in each compartment. The top and bottom feeding compartments are indicated with black arrows. 

 

40 44 48 53 60 66 73 80 90
Volume

[m3]

1Phase [#] 2 3 4 5 6 7 8

Stirred tank with Rushton turbine disk impellers – Benchmark conditions (RTD BM)
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Figure 8.6. Collection of compartment maps representing the different zones resulting of overlapping the transient average axial and 
radial velocity fields of the CFD results of a stirred tanks with Rushton turbine disk impellers operating under low settings (RTD LS) 
(Table 4.5) at nine working volumes (liquid and gas phases) ranging from 40 to 90 m3. The compartment maps for 40, 60 and 90 m3 
have been built using an automatic CFD-based methodology [41]. The compartment maps for 44, 48 and 53 m3 have been developed 
based on the 60 m3 compartment map, while those for 66, 73 and 80 m3, from the 90 m3 compartment map. For the CFD-based 
compartment maps, arrows depicting the direction of the main flows are shown. The compartment maps based on those also show a 
similar pattern. The fluid dynamics of a fermentation process performed with this system can be divided into eight phases, as indicated 
in this figure. The compartment number is indicated in each compartment map. This numbering scheme is used when plotting process 
variables in each compartment. The top and bottom feeding compartments are indicated with black arrows. 

 

40 44 48 53 60 66 73 80 90
Volume

[m3]

1Phase [#] 2 3 4 5 6 7 8

Stirred tank with Rushton turbine disk impellers – Low settings conditions (RTD LS)
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Figure 8.7. Collection of compartment maps representing the different zones resulting of overlapping the transient average axial and 
radial velocity fields of the CFD results of a stirred tank with a Rushton turbine disk and the bottom and hydrofoil A310 impellers in 
the middle and the top operating under benchmark conditions (A310 BM) (Table 4.5) at nine working volumes (liquid and gas phases) 
ranging from 40 to 90 m3. The compartment maps for 40, 60 and 90 m3 have been built using an automatic CFD-based methodology 
[41]. The compartment maps for 44, 48 and 53 m3 have been developed based on the 60 m3 compartment map, while those of 66, 73 
and 80 m3, from the 90 m3 compartment map. For the CFD-based compartment maps, arrows depicting the direction of the main flows 
are shown. The compartment maps based on those also show a similar pattern. The fluid dynamics of a fermentation process 
performed with this system can be divided into eight phases, as indicated in this figure. The compartment number is indicated in each 
compartment map. This numbering scheme is used when plotting process variables in each compartment. The top and bottom feeding 
compartments are indicated with black arrows. 

 

40 44 48 53 60 66 73 80 90
Volume

[m3]

1Phase [#] 2 3 4 5 6 7 8

Stirred tank with a Rushton turbine disk and hyrofoil A310 impellers – Benchmark conditions (A310 BM)
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Figure 8.8. Collection of compartment maps representing the different zones resulting of overlapping the transient average axial and 
radial velocity fields of the CFD results of a stirred tank with a Rushton turbine disk and the bottom and hydrofoil A310 impellers in 
the middle and the top operating under low settings (A310 LS) (Table 4.5) at nine working volumes (liquid and gas phases) ranging 
from 40 to 90 m3. The compartment maps for 40, 60 and 90 m3 have been built using an automatic CFD-based methodology [41]. The 
compartment maps for 44, 48 and 53 m3 have been developed based on the 60 m3 compartment map, while those of 66, 73 and 80 m3, 
from the 90 m3 compartment map. For the CFD-based compartment maps, arrows depicting the direction of the main flows are shown. 
The compartment maps based on those also show a similar pattern. The fluid dynamics of a fermentation process performed with this 
system can be divided into eight phases, as indicated in this figure. The compartment number is indicated in each compartment map. 
This numbering scheme is used when plotting process variables in each compartment. The top and bottom feeding compartments 
are indicated with black arrows. 

40 44 48 53 60 66 73 80 90
Volume

[m3]

1Phase [#] 2 3 4 5 6 7 8

Stirred tank with a Rushton turbine disk and hyrofoil A310 impellers – Low settings conditions (A310 LS)
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The intermediate compartment maps (i.e. compartment maps whose volume ranges between 

those solved with CFD) of the stirred tank cases present almost identical compartment 

distributions and shapes in all working volumes when operated under the same conditions 

(Figures 8.5-8.8). This was expected, as they are built from the same CFD results. On the 

other side, in the bubble column cases, significant differences in the number and shape of 

compartments are observed between the intermediate compartment maps built from different 

CFD simulation results (Figures 8.3 and 8.4), especially between those built from 60 or 90 m3. 

Although the compartment maps operated at different conditions and some variation is 

observed in the number of compartments (Figures 8.3 and 8.4), they present similar mixing 

behaviour in terms of distribution and positioning of compartments. Both the differences in the 

compartment maps with different volumes and operational conditions are a consequence of 

the highly transient radial velocity fields from the CFD simulation results the CMs are based 

on, as previously discussed in Chapter 6. Even though the number and shape of 

compartments are different in the intermediate CMs based on different CFD simulation results, 

overall, they present similar direction and magnitude of flows. 

To test the robustness of the compartment models developed for lower volumes than those 

simulated with CFD, and especially the meaningfulness of results in cases where the radial 

velocity field is highly transient, a numerical test was performed for the BC BM case. This case 

study was chosen because the difference in the distribution and shape of compartments in 

bubble columns between compartment maps is rather high (Figure 8.3) in comparison with 

stirred tank reactors (Figure 8.5-8.8). Furthermore, CFD simulation results with kinetics are 

available for the BC BM case study (Chapter 5). The test consisted of developing a 

compartment map for the 44 and 63 m3 cases using the data of the 63 and 88 m3 simulations 

respectively, following the methodology of this chapter. Then, the previously developed kinetic 

model of Bacillus licheniformis (Chapter 3) was implemented. The snapshot simulations of the 

compartment models with the same operational conditions as in the CFD and in the fixed-

volume compartment models (Table 5.4) were subsequently run following the same approach 

as in Chapter 7. Thus, a comparison between the CFD, the CM and the CM* results (CM* 

corresponding to numerical test cases) is performed. The compartment models previously 

developed for the 44 and 63 m3 cases are shown with the compartment models developed for 

the numerical test in Figure 8.9. It is observed that the distribution and shape of compartments 

is different, the one of CM* being more similar to their regular CFD-based compartment maps 

(Figure 8.3). 
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Figure 8.9. Compartment maps representing the mixing behaviour of a bubble column operating 
at benchmark conditions at working volumes of 44 (A-B) and 63 m3 (C-D). The compartment 
models developed directly from the CFD simulation results (CM) are shown (A and C), as well 
as those developed from the CFD simulation results of the next largest volume (CM*) (B and D). 
Black arrows show the top and bottom feeding positions. The different compartments are 
coloured for their identification. 

The metabolic regime volume fraction results of the CFD, CM and CM* simulations for a 

working volume of 63 m3 with both top and bottom feeding positions are presented in 

Figure 8.10. The 44 m3 results are not shown because all methodologies yield 100% oxidation 

(i.e. no significant gradients are observed), matching with previous CFD and CM results 

(Chapter 7). The 63 m3 results present some differences in the regime volume fraction values, 

resulting in higher oxidation fractions in the CM* cases in comparison with the regular CMs 

(Figure 8.10). The differences are higher when glucose is fed at the bottom (29%) in 

comparison with top feeding (5%). Furthermore, oxygen limitation is found with bottom feeding 

in both CM (6%) and CM* cases (1%), while no oxygen limitation is simulated with CFD 

modelling (Figure 8.10). Thus, the regime volume fractions for the CM* cases are more similar 

to those calculated with CFD modelling than the CM cases. As the gas flow rate per unit 

volume of liquid (vvm) was kept constant during the entire process, the air flow rate increased 

linearly with the volume, as well as the superficial velocity (Table 4.3). Thus, the CMs* were 

developed based on CFD simulations performed with higher superficial velocities than the 

CMs. Consequently, the flow rates between compartments were faster and lower metabolic 

heterogeneity was expected from CMs* in comparison with CMs. In Chapter 7, it was 

observed that compartment models tended to overestimate the extent of significant gradients 

A B C D
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in comparison with CFD simulations. Consequently, the prediction of the CM* case was closer 

to the CFD prediction because it underestimated the metabolic heterogeneity to a lower level. 

This test provides awareness of the underestimation of metabolic heterogeneity with 

compartment model simulations performed at other volumes than those with CFD modelling 

for the bubble column cases. As this underestimation is beneficial because the prediction 

becomes closer to the CFD results, it is concluded that the differences in compartment map 

volumes, flows and connections will not affect negatively the predictive capacity of gradients 

in dynamic compartment models for bubble columns. Underestimation of metabolic 

heterogeneity is not expected in the stirred tanks as the same air flow and volumetric power 

input for agitation purposes are applied in all volumes of a case study (Table 4.5), so the 

predictions with both CMs and CMs* are expected to yield approximately the same values. 

 

Figure 8.10. Bar plots of the regime volume fraction of the transient average CFD and 
compartment model simulation results at 63 m3. CM* refers to the compartment models 
developed for the numerical test. TF and BF stand for top and bottom feeding positions, 
respectively. GS: glucose starvation; Ox: oxidation; Of: overflow; GSOL: glucose starvation and 
oxygen limitation; OL: oxygen limitation. 

Moreover, the observed yield of biomass on substrate (𝑌𝑋𝐺
𝑂𝑏𝑠) and the total observed yield 

(𝑌𝑇𝑜𝑡𝑎𝑙
𝑂𝑏𝑠 ) for the CM* case are calculated as in Chapter 7 (Equations 7.5 and 7.6), and 

compared with the CFD and the CM results (Table 7.3). Equal values of 𝑌𝑋𝐺
𝑂𝑏𝑠 are obtained 

using both methodologies for the 40 m3 and 60 m3 cases with top feeding (data not shown). 

In contrast, the yield coefficients at 60 m3 with bottom feeding result in different values 
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(Table 8.1). As the regime volume fraction distributions are more similar to the CFD 

predictions with the CM* simulations than with regular CFD-based compartment models, the 

yield values are also closer. Based on these observations, it is concluded that the 

compartment model developed with CFD simulation results corresponding to higher volumes 

could capture mixing satisfactorily, and that compartment models built from other CFD results 

than their volume could perform at an acceptable level. 

Table 8.1. Values (in kg kg-1) of the observed yield of biomass on glucose (𝒀𝑿𝑮
𝑶𝒃𝒔) and the total 

observed yield (𝒀𝑻𝒐𝒕𝒂𝒍
𝑶𝒃𝒔 ) for the BC BM simulations at 63 m3 with B. licheniformis and bottom 

feeding. These are performed with CFD modelling (CFD), CFD-based compartmental modelling 
(CM) and compartmental modelling developed with the purpose of performing a numerical test 
(CM*).  

Yield CFD CM CM* 

𝒀𝑿𝑮
𝑶𝒃𝒔 

0.21 

0.06 0.12 

𝒀𝑻𝒐𝒕𝒂𝒍
𝑶𝒃𝒔  0.09 0.15 

 

One of the main concerns arising when the library of compartment models was being 

developed was the determination of the number of intermediate volumes between CFD results 

to be defined. An approximate volume difference of 10% was used to define the fed-batch 

phases as it was an adequate compromise between the number of intermediate volumes 

needed (eight phases) and the numerical resolution, i.e. the change in the mixing behaviour 

that could not be captured during the period of volume increase where only the volume of the 

top compartments is changed was not significant enough. After qualitatively evaluating the 

resulting compartment maps, two main observations are drawn. The first is that the change 

point between phases may not need to be based on a fixed value, but should be based on the 

point where the number of compartments has changed sufficiently that the flow behaviour 

needs to be updated. For example, seeing the distribution and size of compartments in the 

BC BM case (Figure 8.3), the intermediate compartment volumes corresponding to 53 to 

59 m3 could be erased, as the distribution and size of compartments in the 48 m3 CM may be 

able to represent mixing behaviour up to 63 m3. On the contrary, the stirred tanks are 

characterised by many fixed-size compartments whose number increases with the volume. 

Qualitatively speaking, with an approximate 10% volume discretisation the flow behaviour in 

the intermediate volumes seems to be predicted appropriately, as it captures the flow pattern 

in terms of re-circulation loops and the number of compartments increases consistently with 

the volume (Figure 8.5-8.8). The second observation involves future work on dynamic 
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compartment model development. If more resources are put in this technology, rather than 

building more intermediate compartment models from the same CFD results, more 

intermediate CFD simulations are encouraged to be performed. These can be used for the 

development of more CFD-based compartment maps instead of only three volumes and/or 

for the validation of intermediate volumes. 

 

8.3. Conclusions 

This chapter has shown the novel development of dynamic compartment models for several 

large-scale bioreactors, which can capture their mixing performance and oxygen transfer 

dynamics for total volumes ranging between 40 and 90 m3. This work is a significant step in 

the field of gradient modelling, since it tackles one of its main limitations: the infeasibility of 

simulating dynamic processes when accounting for fluid dynamics. From this work, two main 

conclusions have arisen. 

First, owing to the highly structured flow of stirred tank reactors, it seems that the CFD-based 

development of compartment models of other volumes than those simulated with CFD yield 

very similar results. For the bubble columns, this is only applicable for the axial velocity-based 

compartment maps, owing to the transient behaviour of the radial velocity field. 

Secondly, although the bubble column compartment maps were not as consistent as the 

stirred tank reactors in terms of size and distribution of compartments, a numerical test has 

shown that the variation observed in terms of volume fraction and observed yields provides 

equal prediction as CFD-based compartment models or with higher similarity in comparison 

with the CFD results regardless of the differences in the radial velocity field. 

Future work should aim at testing the methodology with the simulation of complete aerobic 

fed-batch fermentation processes (Chapter 9) and at their experimental validation. 

Nevertheless, at this point some suggestions for the improvement of the methodology can be 

made. The most important is an increase of CFD simulation work over the process operating 

range to numerically validate and/or refine the compartment maps built from CFD simulation 

results not corresponding to their volume. 
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Chapter 9 

Simulation of aerobic fed-batch fermentation 
processes with dynamic compartment models 

 
 

Abstract 

Dynamic compartment models (dCMs) were developed in Chapter 8 to describe the fluid 

dynamics, mixing and oxygen transfer for three reactor types (a bubble column and two stirred 

tanks with different impeller configurations) with different operational settings (benchmark and 

low settings conditions) and volumes ranging between 40 and 90 m3. These dCMs allow the 

fast simulation (minutes) of complete aerobic fed-batch fermentation processes in comparison 

with Computational Fluid Dynamics (CFD) modelling, whose very large computational 

demand makes the dynamic simulation of the complete processes unfeasible.  

In this chapter, the dCMs are combined with kinetic models of three industrial workhorses 

(Bacillus licheniformis, Escherichia coli and Saccharomyces cerevisiae) to simulate their 

entire industrial fermentation process. The local glucose and dissolved oxygen concentration 

distributions are evaluated over time, as well as the metabolic regimes that cells experience. 

In agreement with the results of Chapter 7 involving fixed-volume CFD and compartment 

model simulations, glucose starvation is the main regime experienced when significant 

gradients that lead to other regimes than oxidation occur. While the assessment of the starting 

point of gradients over time in volume-changing fermentation processes could not be 

previously performed, with dynamic compartment models the onset of gradients could be 

determined at low fermentation volumes (44-48 m3). Furthermore, the microorganism-

dependent influence on the biomass yield coefficient and productivity and on the energy 

efficiency has been discussed. While S. cerevisiae has shown a biomass yield loss of 11-17% 

in the baker’s yeast production process with dynamic compartment models in comparison with 

ideal mixing, fermentation processes for products that are not directly linked to central 

metabolism (e.g. the processes with B. licheniformis and E. coli studied in this thesis) need 
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more complex models that can describe product formation under different metabolic regimes 

for a more informed evaluation.  

 

9.1. Computational methods 

9.1.1. Dynamic simulation setup 

The dynamic compartment models (dCMs) used in this chapter are those developed in 

Chapter 8, corresponding to two stirred tanks with different impeller configurations (RTD and 

A310 cases) and a bubble column (BC), with benchmark (BM) or low settings (LS) conditions 

(Table 4.5). The kinetic models of Bacillus licheniformis, Escherichia coli and Saccharomyces 

cerevisiae previously developed and/or used in Chapters 3, 5 and 7 have been implemented.  

The structure of the dynamic compartment model simulation setup follows that of Chapter 7. 

Nevertheless, since volume addition now takes place, a few modifications have been made. 

As in fixed-volume CM, the system has been implemented as a set of ordinary differential 

equations (ODEs) in MATLAB® 2019a, where the solver ode15s is used to solve the mass 

balances for glucose (𝑀𝐺,𝐶𝑜𝑚𝑝), by-product (acetate or ethanol) (𝑀𝐵𝑃,𝐶𝑜𝑚𝑝) and dissolved 

oxygen (𝑀𝑂,𝐶𝑜𝑚𝑝) in each compartment. The mathematical definition of these differential 

equations for one compartment are shown in Equations 7.1-7.4. Furthermore, in dynamic 

compartment models, two additional ODEs accounting for the overall change of the liquid 

mass (𝑀𝐿) and of the biomass mass (𝑀𝑋,𝐶𝑜𝑚𝑝) are implemented as shown in Equations 9.1 

and 9.2, respectively.  

𝑑𝑀𝐿
𝑑𝑡

= 𝐹𝐹𝑒𝑒𝑑 − 𝐹𝐸𝑣𝑎𝑝 +∑𝐹𝑂2,𝐶𝑜𝑚𝑝 −∑𝐹𝐶𝑂2,𝐶𝑜𝑚𝑝  (9.1) 

𝑑𝑀𝑋,𝐶𝑜𝑚𝑝

𝑑𝑡
=∑𝐹𝑖𝑛𝑋𝑖𝑛,𝐶𝑜𝑚𝑝 −∑𝐹𝑜𝑢𝑡𝑋𝐶𝑜𝑚𝑝 + 𝜇𝐶𝑜𝑚𝑝𝑀𝑋,𝐶𝑜𝑚𝑝 (9.2) 

Hence, the rate of change in the liquid mass depends on the feed rate (𝐹𝐹𝑒𝑒𝑑), the evaporation 

rate (𝐹𝐸𝑣𝑎𝑝), and the summation of the flow of oxygen transferred from the gas to the liquid 

phase (𝐹𝑂2,𝐶𝑜𝑚𝑝) and of carbon dioxide removed (𝐹𝐶𝑂2,𝐶𝑜𝑚𝑝) in all compartments. Furthermore, 

the biomass mass change in each time step depends on the inflow and outflow transport of 

the biomass in each compartment and on the specific growth rate (𝜇𝐶𝑜𝑚𝑝). 𝐹𝑖𝑛 and 𝐹𝑜𝑢𝑡 stand 

for the inflow and outflow mass rates in each compartment, and 𝑋𝑖𝑛,𝐶𝑜𝑚𝑝 and 𝑋𝐶𝑜𝑚𝑝 are the 

biomass concentration values at the inlet and in a compartment. 
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𝐹𝐹𝑒𝑒𝑑 corresponds to the feed rate calculated in Chapter 5 for the simulations with ideal mixing 

(Equations 5.10 and 5.11). Thus, the feed rate in the dynamic compartment models depends 

on the simulation time. Secondly, 𝐹𝐸𝑣𝑎𝑝 is calculated as shown in Equation 5.13. Lastly, 

𝐹𝑂2,𝐶𝑜𝑚𝑝 and 𝐹𝐶𝑂2,𝐶𝑜𝑚𝑝 are calculated as in Equations 5.16 and 5.17, respectively. The 

difference here with respect to the simulation with ideal mixing (Chapter 5) is that they are 

computed for each compartment and summed up in each time step to calculate the rate of 

change of the liquid mass. By doing this, changes in the dynamics of the liquid mass as a 

result of local different oxygen transfer and metabolic activities can be captured. For instance, 

if the overall metabolic activity in a non-homogeneous environment is lower than that of the 

homogeneous case, the removal of carbon dioxide will be decreased, as well as the increase 

rate of the liquid mass.  

As in Chapter 7, two different feeding positions have been tested to investigate their effect on 

gradient occurrence. The feeding compartments in each simulation phase are indicated in 

Figures 8.3-8.8.  

The calculation of the liquid mass is coupled to a lookup table that establishes values in each 

compartment for the liquid mass (𝑀𝐿,𝐶𝑜𝑚𝑝), the overall mass transfer coefficient (𝑘𝐿𝑎𝐶𝑜𝑚𝑝) and 

the oxygen concentration at saturation (𝑂𝐶𝑜𝑚𝑝
∗ ). The manner these variables are calculated is 

described in Chapter 8. These variables are updated at each time step, ensuring that the 

changes in liquid mass and oxygen transfer parameters are taken into account continuously.  

9.1.2. Calculation of initial states 

One of the numerical challenges of the dynamic compartment modelling approach developed 

in Chapter 8 is the calculation of initial conditions of compartment maps that present a different 

configuration from the compartment map used to solve the previous fed-batch phase. 

The automatic Computational Fluid Dynamics (CFD)-based compartmentalisation tool used 

to build the intermediate compartment models [41] (i.e. compartment models that are not built 

from their CFD results) initially divides the geometry of half a 2-D plane into small user-defined 

rectangular elements. The number of elements is not as small as the mesh elements of the 

CFD simulations (105-106 mesh elements in CFD models in comparison with 101-102 in CMs), 

but it still allows a local differentiation of the liquid broth volume. The algorithm allows the user 

to define the number of elements in the horizontal and vertical directions. In this work, the 

number of horizontal elements has been kept at 15 for all the cases, since the radius does not 

change with mass addition. The number of elements in the vertical direction has been 

calculated to be proportional to the height. The number of vertical elements for the initial 
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simulation volumes of the fed-batch phases are summarised in Table 9.1, with information 

about their liquid mass and height. 

Table 9.1. Liquid mass, height and number of vertical elements of the dynamic compartment 
model initial simulation volumes of each fed-batch phase (Figures 8.3-8.8). 

BC BM 

Phase Initial total volume [m3] Liquid mass [kg] Height [m] Vertical elements [#] 

1 44 31369 4.67 38 

2 48 34473 5.13 42 

3 53 37862 5.64 46 

4 59 41527 6.20 50 

5 63 44925 6.70 54 

6 70 49135 7.36 60 

7 77 53976 8.09 66 

8 84 59302 8.93 72 

BC LS 

Phase Initial total volume [m3] Liquid mass [kg] Height [m] Vertical elements [#] 

1 43 31241 4.56 38 

2 47 34044 5.02 42 

3 52 37431 5.52 46 

4 57 41156 6.07 51 

5 64 45684 6.75 56 

6 70 50309 7.42 62 

7 77 55321 8.16 68 

8 85 60836 8.97 75 

A310 & RTD BM / RTD LS 

Phase Initial total volume [m3] Liquid mass [kg] Height [m] Vertical elements [#] 

1 40 34334 4.75 32 

2 44 37738 5.21 35 

3 48 41492 5.71 39 

4 53 45621 6.26 42 

5 60 51753 7.07 48 

6 66 56810 7.75 53 

7 73 62471 8.51 58 

8 80 68699 9.34 63 / 61 

 

The grid is primarily used for the definition of compartment volumes, flows and connections, 

as described in detail in Chapter 6. Furthermore, when simulating fermentation processes with 

dynamic compartment models, it is used for the calculation of initial states in the fed-batch 

phases. The utilisation of the grid for the calculation of initial states between the simulation 

phases 1 and 2 of the BC BM case (Figure 8.3) is shown as an example in Figure 9.1. The 
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simulation starts with an initial total volume 𝑉𝑇01, where the initial conditions are set to the 

same value at all compartments. The initial conditions correspond to those used for the 

simulations with ideal mixing of Chapter 5. When the target volume 𝑉𝑇  is reached, that 

corresponds to 110% of 𝑉𝑇01, the simulation is stopped. Then, based on the coordinates, a 

check is performed to determine into which compartment each grid element in the old and 

new compartment maps belongs. The mass of each species (biomass, glucose, 

acetate/ethanol and dissolved oxygen) in each grid element of the new compartment map is 

subsequently calculated based on the information from the old compartment map. These 

values are added up for each element of the new compartment map. Finally, the initial 

conditions of the liquid mass (𝑀𝐿) correspond to the end value at the previous simulation 

phase. In short, this approach permits the spatial calculation of initial states and the 

connection of different compartment maps.  

 

Figure 9.1. Schematic of the strategy used to calculate the initial states of biomass, glucose, 
by-product and dissolved oxygen masses of each fed-batch phase. This example corresponds 
to the transition between the process phases 1 and 2 of the BC BM case (Figure 8.3). The 
compartment maps resemble the mixing behaviour of half a 2-D plane of the CFD results. The 
distinct compartments are coloured and numbered for their identification. The initial 

compartment map (𝑽𝑻𝟎𝟏) expands in the vertical direction because of liquid addition. When the 

total volume reaches approximately 110% of 𝑽𝑻𝟎𝟏, the simulation stops, and it is checked for 
each grid element in which compartment falls in the old and new compartment maps. The white 
dashed line shows the new compartment map configuration on top of the old compartment map. 
Then, the mass of the state variables are computed in each element and summed up according 
to the configuration of the new compartment map. The simulation resumes with the updated 

compartment model (𝑽𝑻𝟎𝟐) and this calculation method is repeated at the start of all fed-batch 
phases.  
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9.1.3. Calculation of process metrics 

After performing the dynamic compartment model simulations, the results were processed for 

the calculation of three process metrics: the observed yield of biomass on glucose (𝑌𝑋𝐺
𝑂𝑏𝑠), the 

biomass volumetric productivity (𝑄𝑋) and the energy efficiency of oxygen transfer (𝐸𝐸𝑂2). 

The observed yield of biomass on glucose (𝑌𝑋𝐺
𝑂𝑏𝑠) was calculated as the total mass of biomass 

produced divided by the total mass of glucose consumed as shown in Equation 9.3:  

𝑌𝑋𝐺
𝑂𝑏𝑠 =

∑𝑀𝑋,𝐶𝑜𝑚𝑝(𝑡𝑓) − ∑𝑀𝑋,𝐶𝑜𝑚𝑝(𝑡0)

𝐺𝐹𝑒𝑒𝑑∆𝐹𝐹𝑒𝑒𝑑|𝑡0
𝑡𝑓 − ∑𝑀𝐺,𝐶𝑜𝑚𝑝(𝑡𝑓)

(9.3) 

where 𝑡0 and 𝑡𝑓 correspond to the time at the beginning and at the end of the simulation, 

respectively, and 𝐺𝐹𝑒𝑒𝑑 is the glucose concentration at the feeding solution. The trapezoidal 

rule was used to calculate the glucose mass fed during the entire process. The time steps 

taken corresponded to 0.01 h. 

Furthermore, the biomass volumetric productivity (𝑄𝑋), which corresponds to the final cell titer 

divided by the simulation time, was calculated as shown in Equation 9.4. 

𝑄𝑋 =
∑𝑀𝑋,𝐶𝑜𝑚𝑝(𝑡𝑓)

𝑀𝐿(𝑡𝑓) × 𝑡𝑓
(9.4) 

The energy efficiency of oxygen transfer is defined as the mass of oxygen transferred divided 

by the energy consumption. Its mathematical expression corresponds to Equation 9.5: 

𝐸𝐸𝑂2 =
∆(𝑂𝑇𝑅 ×𝑀𝐿)|𝑡0

𝑡𝑓

∆(𝑃𝑐 + 𝑃𝑖)|𝑡0
𝑡𝑓

(9.5) 

where 𝑂𝑇𝑅 stands for the oxygen transfer rate, and 𝑃𝑐 and 𝑃𝑖 are the power consumption from 

air compression and from agitation, respectively. Thus, the 𝑃𝑖 value is 0 kW for bubble 

columns. The trapezoidal rule was also used to calculate the overall mass of oxygen 

transferred and energy consumption in the whole fermentation process, also taking time steps 

of 0.01 h.  

The 𝑂𝑇𝑅 was calculated in each time step by multiplying the volume-weighted average of the 

overall mass transfer coefficient (𝑘𝐿𝑎) with the difference between the volume-weighted 

average of the oxygen concentration at saturation (𝑂∗) and of the dissolved oxygen 

concentration (O) (Equation 9.6). 

𝑂𝑇𝑅 = ∑
𝑘𝐿𝑎𝐶𝑜𝑚𝑝𝑉𝑇,𝐶𝑜𝑚𝑝

𝑉𝑇
× (∑

𝑂𝐶𝑜𝑚𝑝
∗ 𝑉𝑇,𝐶𝑜𝑚𝑝

𝑉𝑇
− ∑

𝑂𝐶𝑜𝑚𝑝𝑉𝑇,𝐶𝑜𝑚𝑝

𝑉𝑇
) (9.6)

The power consumption from air compression (𝑃𝑐) was calculated assuming single stage, 
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isentropic and adiabatic compression of the volumetric air flow rate (𝑄𝑎𝑖𝑟) from atmospheric 

pressure (𝑃𝑎𝑡𝑚) to sparger inlet pressure (𝑃𝑖𝑛) as described in Equation 9.7: 

𝑃𝑐 =
𝑘

𝑘 − 1

𝑄𝑎𝑖𝑟𝑃𝑎𝑡𝑚
𝜂𝑐

((
𝑃𝑖𝑛
𝑃𝑎𝑡𝑚

)

𝑘−1
𝑘
− 1) (9.7) 

where 𝑘 is the isentropic exponent for air compression with a value of 1.4 [242], and 𝜂𝑐 is the 

degree of efficiency of the compressor, whose value was assumed to be 0.7 [243]. 𝑃𝑖𝑛 is 

calculated as the summation of the hydrostatic pressure, the atmospheric pressure and the 

headspace pressure (𝑃ℎ𝑒𝑎𝑑) (if applicable) as shown in Equation 9.8: 

𝑃𝑖𝑛 = 𝑃ℎ𝑒𝑎𝑑 + 𝑃𝑎𝑡𝑚 + 𝜌𝐿 × 𝑔 × 𝐻 × (1 − 𝛼𝐺) (9.8) 

where 𝜌𝐿 is the liquid broth density (1050 kg m-3 [209]), 𝑔 is the gravitational constant, 𝐻 is 

the height of the two-phase mixture, and 𝛼𝐺 is the gas volume fraction. 

Finally, the transient average power input per liquid volume due to agitation (𝑃𝑖/𝑉𝐿) was 

previously calculated from the torque (Equation 4.4) for the CFD results (Table 4.5). This had 

a value ranging between 3.9-4.3 and 0.8-1 kW m-3 for the benchmark and low settings 

conditions, respectively. As the values at different volumes for the same process were very 

similar (Table 4.5), the mean 𝑃𝑖/𝑉𝐿 value of the three volumes was calculated and then 

combined with the liquid density and liquid broth mass to yield the value of 𝑃𝑖 in each time 

step. 

 

9.2. Results and discussion 

With the purpose of assessing the occurrence and magnitude of gradients in complete large-

scale aerobic fed-batch fermentation processes, this chapter focuses on simulating entire 

fermentation processes (40-90 m3) by utilising dynamic compartment models combined with 

kinetic models. It is the first time that both fluid dynamics and volume addition are considered 

for the simulation of industrial fermentation processes. The cases studied involve different 

reactor types, operational conditions, feeding positions and microorganisms. The results are 

discussed in terms of local glucose and dissolved oxygen concentration distributions, 

metabolic regimes that the cells experience, by-product levels and process metrics (biomass 

yield and productivity values and energy efficiency). 
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9.2.1. Local glucose and dissolved oxygen concentrations 

Simulations of 36 industrial fermentation processes were performed using dynamic 

compartment models combined with microbial kinetics varying the volume, reactor type, 

operational conditions, microorganism and feeding position. The influence of fluid dynamics, 

mixing and mass transfer on the distribution of glucose and dissolved oxygen concentrations 

in compartment models has already been discussed in detail in Chapter 7. Here, the 

discussion is focused on the evolution of these cultivation variables over time, using the case 

study with the A310 configuration, benchmark conditions and B. licheniformis as an example. 

To this end, the local distribution of glucose and dissolved oxygen concentrations of this case 

study at the end point of each fed-batch phase is shown for both top and bottom feeding 

positions in Figures 9.2-9.5. 
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Figure 9.2. Contour plots of the glucose concentration at volumes corresponding to the final points of each fed-batch phase for 
dynamic compartment model simulations of an aerobic fermentation process with B. licheniformis. The case studied corresponds to 
a stirred tank with one Rushton turbine disk at the bottom and three hydrofoil A310 impellers (A310) under benchmark conditions 
(BM) and top feeding. The distribution of compartments (delimited with black lines) resembles the fluid dynamics of half a 2-D plane. 
The feeding compartments are indicated with arrows. 
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Figure 9.3. Contour plots of the dissolved oxygen concentration at volumes corresponding to the final points of each fed-batch phase 
for dynamic compartment model simulations of an aerobic fermentation process with B. licheniformis. The case studied corresponds 
to a stirred tank with one Rushton turbine disk at the bottom and three hydrofoil A310 impellers (A310) under benchmark conditions 
(BM) and top feeding. The distribution of compartments (delimited with black lines) resembles the fluid dynamics of half a 2-D plane. 
The feeding compartments are indicated with arrows.  
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Figure 9.4. Contour plots of the glucose concentration at different volumes corresponding to the final points of each fed-batch phase 
for dynamic compartment model simulations of an aerobic fermentation process with B. licheniformis. The case studied corresponds 
to a stirred tank with one Rushton turbine disk at the bottom and three hydrofoil A310 impellers (A310) under benchmark conditions 
(BM) and bottom feeding. The distribution of compartments (delimited with black lines) resembles the fluid dynamics of half a 2-D 
plane. The feeding compartments are indicated with arrows. 
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Figure 9.5. Contour plots of the dissolved oxygen concentration at different volumes corresponding to the final points of each fed-
batch phase for dynamic compartment model simulations of an aerobic fermentation process with B. licheniformis. The case studied 
corresponds to a stirred tank with one Rushton turbine disk at the bottom and three hydrofoil A310 impellers (A310) under benchmark 
conditions (BM) and bottom feeding. The distribution of compartments (delimited with black lines) resembles the fluid dynamics of 
half a 2-D plane. The feeding compartments are indicated with arrows.  
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The glucose concentration presents a very similar local distribution to that previously observed 

for the fixed-volume compartment model simulations (Figures 7.2A-F and 7.3A-F), with higher 

values at the feeding compartments and those nearby. Furthermore, the glucose 

concentration levels decrease with decreasing connection to the feeding point. At the 

beginning of the simulation, glucose is distributed more evenly in all compartments 

(Figures 9.2 and 9.4). Nevertheless, at an early point in the process (volume: 44-48 m3, 

time: 10 h), the occurrence of moderate to high glucose concentration levels in a few 

compartments close to the feeding point and low values (< 0.005 g kg-1) at most of the 

compartments takes place with both top and bottom feeding positions (Figures 9.2 and 9.4). 

The same phenomenon at similar volumes is also found with the other case studies (data not 

shown). In Chapters 5 and 7, it was concluded that the sharp glucose concentration gradient 

starts at least at the intermediate volume simulated (60 m3) with both CFD and compartment 

modelling. With the dynamic simulation of the entire process, it is already observed at earlier 

volumes (44-48 m3). Hence, this finding underlines the great advantage of simulating the 

entire process with a higher time resolution instead of only solving process snapshots. 

The local dissolved oxygen concentration is presented in Figures 9.3 and 9.5 for top and 

bottom feeding positions, respectively. There is a clear difference in the DO distribution 

between feeding positions, with overall higher values with top feeding in comparison with 

bottom feeding. With top feeding, the DO concentration varies between 0 and 80% of its 

saturation values. Contrary to the local glucose concentration dynamics, the DO concentration 

values decrease with increasing connection to the feeding position (Figure 9.3), as a 

consequence of increased oxygen uptake rates. The same phenomenon was previously 

observed for all reactor configurations with snapshot simulations of E. coli at 90 m3 

(Figure 7.4). As emphasised in Chapter 7, what is of interest when examining the DO 

concentration values is the magnitude and occurrence of regions in the reactor that contain 

DO concentration values below a critical level. In this work, the microorganisms are simulated 

to undergo oxygen limitation when their specific oxygen uptake rate (𝑞𝑂) is below the 

maintenance requirements (𝑚𝑂). This does not correspond to a fixed DO value, as it depends 

on the specific growth rate and the biomass concentration. Nevertheless, at DO concentration 

levels of 10% and below, the development of oxygen limitation can be expected. Thus, the 

identification of compartments with low DO levels (< 10%) provides a warning for the 

occurrence of potentially significant gradients. The evaluation of the local specific rate values 

provides a better idea of whether significant gradients take place as they are the boundaries 

between regimes. Although they are not shown here, the specific rates are indirectly 
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discussed when evaluating the metabolic regime levels that the cells experience (section 

9.2.2). The glucose and DO concentration values are shown here as they are measurable 

variables in fermentation processes that are used as inputs in the kinetic models. There is no 

trend between process evolution and increase of the volume fraction at DO levels below 10%. 

The DO < 10% volume fractions range between 17 and 53% when evaluating the data at the 

end of each fed-batch phase (Figure 9.3). Thus, in the A310 BM simulation with B. 

licheniformis and top feeding, a significant part of the liquid broth is experiencing low DO 

conditions (< 10%) consistently during the whole process. The implications of these DO levels 

in the metabolic regimes that the cells experience are discussed in the following section. 

As previously indicated, the DO distribution changes considerably with different feeding 

positions. With bottom feeding, the DO concentration ranges between 0 and 60% of its 

saturation value up to a volume of 66 m3, with lower values (< 10% DO saturation) at the 

bottom due to shorter connection to the feeding position and vice versa (Figure 9.5). In the 

last three fed-batch phases (66-90 m3) the local DO concentration values become lower (0-

30% of the saturation), and a larger volume fraction (maximum 88%, Figure 9.5) has DO 

concentration values under 10%.  

Two main observations arise from the examination of the local DO concentration values. First, 

the point at which the DO concentration changes its distribution significantly (66 m3) 

corresponds to the point when the compartment map was developed from other CFD results. 

While the 66 m3 CM was built based on the CFD simulation at 60 m3, the CM with a volume 

of 73 m3 was developed from the 90 m3 CFD results. This effect was not observed between 

the 44 and 48 m3 transition with bottom feeding (Figure 9.5), which were also built based on 

different CFD results, neither in the cases with top feeding (Figure 9.3). With top feeding, a 

region with a DO concentration below 10% of its saturation is observed to a larger extent in 

the 44 m3 results in comparison with the 48 m3 results (Figure 9.3), also developed from 

different CFD results. The sharp change in DO concentration distributions in compartment 

maps representing consecutive phases of the same process suggests the need to perform 

more intermediate CFD simulations between phases. Performing additional CFD simulations 

of the fluid flow (excluding kinetics) is less computational demanding than combined with 

kinetic models, as both the number of differential equations and time to be solved are lower. 

Consequently, the dynamic compartment model library can be built with more extensive 

knowledge of the fluid dynamics, mixing and mass transfer. Additional CFD results can also 

be used to validate numerically that the differences in local concentrations due to the change 

in the compartment map do not influence the process significantly if the CFD models are 
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combined with kinetic models, supporting the dynamic compartment model development 

strategy. Finally, this observation also underlines that the effect of the CFD results used to 

build the compartment models on the distribution of process variables is not fixed but depends 

on the case study, the volume, the feeding position and the process variable that is being 

considered. The last remark is included seeing that the local glucose concentration did not 

show these sharp changes between phases (Figures 9.2 and 9.4). The consistent local 

glucose concentration distribution in different volumes (Figures 9.2 and 9.4) minimised the 

appearance of significant disruptions when changing compartment maps built from different 

CFD results. This is likely to be related with the capacity of the compartment models to 

resemble the different fluid flows of the cases studied (bubble columns and stirred tanks with 

different impeller configuration), and with the combination of those with kinetic models. Further 

work in compartment model development can help clarifying these differences. Finally, in 

order to determine whether and/or how many intermediate volume simulations need to be 

performed, the modelling results need to be compared with experimental data to assess 

whether the decreased accuracy in results affects the predictive capacity of the model 

significantly.  

The second remark arising from these results is that the average DO concentration values 

observed in the dynamic compartment model results are different than those predicted with 

the simulations with ideal mixing (Figure 5.6F). The latter had a value of 20% of the saturation 

value as the control strategy was designed to keep the DO level at this set point. With top 

feeding, the average DO concentration at the endpoint results 28% of the saturation value 

(Figure 9.3), whereas it corresponds to 5% with bottom feeding (Figure 9.5). In contrast to the 

compartment model simulations performed with fixed volume (Chapter 7), the dynamic CM 

simulations take into account biomass growth by including a differential equation for the 

biomass change over time (Equation 9.2). In compartment model simulations of snapshots of 

fermentation processes, both biomass yield increase and loss were observed in comparison 

with the yield coefficients calculated from simulations with ideal mixing (Tables 7.3 and 7.4). 

As the fixed-volume CM simulations did not take biomass growth into account due to the short 

simulation time (90 s), the yield differences did not cause an effect in biomass levels over 

time. With the dynamic CM simulations of this case study, the differences in yield values lead 

to higher and lower biomass levels for top and bottom feeding, respectively (Table 9.2). Then, 

the overall DO concentration becomes lower with higher biomass concentration values and 

vice versa. The same relationship between the DO concentration values and the change in 



232 

 

the yield coefficients in comparison with ideal mixing (Table 9.2) is observed consistently for 

the other case studies (data not shown). 

Regardless of the DO concentration values of the dCM simulations performed in this chapter, 

the same feed rate (corresponding to that of the simulations with ideal mixing) has been 

applied. This was done with the purpose of comparing the results directly with the simulations 

with ideal mixing. Nevertheless, with different metabolic activities taking place due to the 

development of significant gradients (Figures 9.8-9.12), the biomass formation rates and yield 

coefficients have been shown to change (Table 9.2), and with them the oxygen requirements. 

A more adequate comparison between cases solved with dynamic compartment models or 

assuming ideal mixing can be obtained by implementing the feed rate calculation in both 

strategies, instead of directly using the feed rate calculated with ideal mixing in the dynamic 

compartment model simulations. 

Seeing the high variability of local dissolved oxygen concentration levels with all CFD, CM 

and dCM simulations performed (Figures 5.7-5.9, 7.2G-L, 7.3G-L, 9.3 and 9.5), a subsequent 

challenge in dynamic compartment modelling is to find the combination of feeding and 

controlling compartments that minimises gradient occurrence in industrial fermentation 

processes. This could not be done previously as fixed-volume CFD and CM simulations were 

not capable to evaluate fed-batch processes dynamically. Also, the utilisation of CFD models 

with kinetics requires a computational demand corresponding to long simulation times (weeks) 

in comparison with fixed-volume compartment models (seconds) and dynamic compartment 

models (minutes). Thus, the screening of different feeding positions with CFD modelling would 

take a long time. These difficulties can now be avoided with the simulation of industrial 

fermentation processes with dynamic compartment models.  

9.2.2. Metabolic regimes 

Spatial distribution of metabolic regimes 

The following step in understanding the impact of glucose and DO concentration gradients on 

aerobic fed-batch fermentation processes simulated with dynamic compartment models is the 

assessment of the time-dependent evolution of the metabolic regime volume fractions. For 

the example case of the industrial (40-90 m3) B. licheniformis fermentation process with the 

A310 configuration with benchmark conditions (BM), the compartment maps have been 

coloured according to their metabolic regimes at the endpoint of each fed-batch phase for 

both top and bottom feeding positions (Figures 9.6 and 9.7).  



233 

 

First, oxidation takes place in most of the liquid broth with both top and bottom feeding 

positions during the first fed-batch phase. Subsequently, glucose starvation starts developing 

in the least connected compartments to that used for feeding and increases its volume fraction 

up to 70% for both top and bottom feeding positions (Figures 9.6 and 9.7), leading to a final 

oxidation volume fraction of 16-17%. Furthermore, oxygen limitation takes place consistently 

in the feeding compartments, mostly combined with oxidation (Figures 9.6 and 9.7). Although 

a high volume fraction of the culture experiences glucose starvation, the actual glucose mass 

fraction that is used in the glucose starvation regime corresponds to less than 10% of the total 

glucose assimilated (data not shown). The reason is that the specific glucose uptake rate 

values in the glucose starvation regime are lower than those of oxidation and oxygen limitation 

regimes. Thus, it is of importance to realise that most of the glucose is taken up in the oxidation 

and oxygen limitation regimes, despite their lower regime volume fractions. 
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Figure 9.6. Contour plots of the metabolic regimes that the cells undergo at different volumes corresponding to the final points of 
each fed-batch phase for dynamic compartment model simulations of an aerobic fermentation process with B. licheniformis. The case 
studied corresponds to a stirred tank with one Rushton turbine disk at the bottom and three hydrofoil A310 impellers (A310) under 
benchmark conditions (BM) and top feeding. The distribution of compartments (delimited with black lines) resembles the mixing 
behaviour of half a 2-D plane. The feeding compartments are indicated with arrows.
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Oxygen limitation
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Figure 9.7. Contour plots of the metabolic regimes that the cells undergo at different volumes corresponding to the final points of 
each fed-batch phase for dynamic compartment model simulations of an aerobic fermentation process with B. licheniformis. The case 
studied corresponds to a stirred tank with one Rushton turbine disk at the bottom and three hydrofoil A310 impellers (A310) under 
benchmark conditions (BM) and bottom feeding. The distribution of compartments (delimited with black lines) resembles the mixing 
behaviour of half a 2-D plane. The feeding compartments are indicated with arrows.

44 m3 48 m3 53 m3 60 m3 66 m3 80 m3 90 m373 m3
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As the glucose concentration at the feeding and neighbouring compartments is consistently 

high (Figures 9.2 and 9.4), oxygen is taken up to a larger extent in these compartments, and 

consequently oxygen limitation arises. With bottom feeding, traces of oxygen limitation are 

also found at a couple of small compartments located beneath the sparger. As previously 

discussed, local lower 𝑘𝐿𝑎 values in that region can lead to the development of oxygen 

limitation, especially with bottom feeding (Figure 5.12). As the example presented here 

corresponds to benchmark conditions, this phenomenon is not expected to a great extent 

seeing the higher local OTR values in comparison with low settings conditions 

(Figures 6.5-6.7). With low settings conditions, this has been observed to occur more 

consistently (Figures 9.8-9.12). Finally, in this case study, glucose starvation combined with 

oxygen limitation is only observed at a compartment near the wall (Figure 9.7). It has been 

checked that this compartment has the lowest 𝑘𝐿𝑎 value of the entire compartment map 

(Figure 6.7C), resulting in an average value of 204 h-1 in the last fed-batch phase, much less 

than the time-average 𝑘𝐿𝑎 calculated for the simulations with ideal mixing (344 h-1) 

(Figure 4.8H). Thus, the lower local 𝑘𝐿𝑎 value leads to the occurrence of glucose starvation 

and oxygen limitation in that compartment (Figure 9.7). 

Metabolic regime volume fractions over time 

To extend the assessment of significant gradients to other cases studied besides the A310 

BM configuration with B. licheniformis, area charts are provided with the regime volume 

fractions over time in Figures 9.8-9.12. In most cases, the spatial location of regimes follows 

the same distribution as the A310 BM case with B. licheniformis (Figures 9.6 and 9.7). 

Therefore, oxidation and oxygen limitation are observed in the feeding and surrounding 

compartments; glucose starvation is present at most compartments, starting at the least-

connected compartments from the feeding positions and increasing its volume fraction over 

time; oxygen limitation is combined with glucose starvation at the compartments between the 

oxidation/oxygen limitation zone next to the feeding position and/or zones with low oxygen 

transfer values (e.g. beneath the sparger).  
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Figure 9.8. Metabolic regime volume fractions during the dynamic compartment model 
simulations of the fed-batch fermentation processes with B. licheniformis (A-B) and E. coli (C-
D) with the BC BM case for top (TF, first column) and bottom (BF, second column) feeding. The 
metabolic regimes are coloured for their identification. GS: glucose starvation, Ox: oxidation, 
Of: overflow, GSOL: glucose starvation and oxygen limitation, OL: oxygen limitation. 
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Figure 9.9. Metabolic regime volume fractions during the dynamic compartment model 
simulations of the fed-batch fermentation processes with B. licheniformis (A-B) and E. coli (C-
D) with the BC LS case for top (TF, first column) and bottom (BF, second column) feeding. The 
metabolic regimes are coloured for their identification. GS: glucose starvation, Ox: oxidation, 
Of: overflow, GSOL: glucose starvation and oxygen limitation, OL: oxygen limitation. 
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Figure 9.10. Metabolic regime volume fractions during the dynamic compartment model 
simulations of the fed-batch fermentation processes with B. licheniformis (A-B), E. coli (C-D) 
and S. cerevisiae (E-F) with the RTD LS case for top (TF, first column) and bottom (BF, second 
column) feeding. GS: glucose starvation, Ox: oxidation, Of: overflow, GSOL: glucose starvation 
and oxygen limitation, OL: oxygen limitation. 
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Figure 9.11. Metabolic regime volume fractions during the dynamic compartment model 
simulations of the fed-batch fermentation processes with B. licheniformis (A-B), E. coli (C-D) 
and S. cerevisiae (E-F) with the A310 BM case for top (TF, first column) and bottom (BF, second 
column) feeding. GS: glucose starvation, Ox: oxidation, Of: overflow, GSOL: glucose starvation 
and oxygen limitation, OL: oxygen limitation. 
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Figure 9.12. Metabolic regime volume fractions during the dynamic compartment model 
simulations of the fed-batch fermentation processes with B. licheniformis (A-B), E. coli (C-D) 
and S. cerevisiae (E-F) with the A310 LS case for top (TF, first column) and bottom (BF, second 
column) feeding. The metabolic regimes are coloured for their identification. GS: glucose 
starvation, Ox: oxidation, Of: overflow, GSOL: glucose starvation and oxygen limitation, OL: 
oxygen limitation. 
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Unlike CFD models, compartment models were previously concluded to lack the necessary 

resolution to predict the occurrence of overflow metabolism (Chapter 7). Overflow metabolism 

was found at volume fraction levels up to 2% in all CFD simulations performed 

(Figures 7.6-7.8). Its impact on the biomass yields on glucose was found to be negligible in 

all 40 m3 cases that only developed oxidation and overflow metabolism. With dynamic 

compartment models, overflow metabolism was only found for 2 hours in the A310 BM 

simulation with B. licheniformis and top feeding with a volume fraction of 5% (Figure 9.11A). 

Based on these results, it is likely that a small volume fraction of the culture close to the 

feeding position undergoes overflow metabolism consistently during real industrial 

fermentation processes. Nevertheless, it is concluded that these low overflow levels are not 

likely to have a significant impact on process performance. 

The cases whose metabolic regime volume fractions are not shown correspond to the bubble 

column cases both with benchmark and low settings conditions with S. cerevisiae and the 

stirred tanks with Rushton turbine disk impellers (RTDs) with benchmark conditions for all 

microorganisms. The reason is that the cells do not undergo other regimes than oxidation 

under these circumstances, leading to dynamic compartment model simulations behaving as 

those performed with ideal mixing. Consequently, the observed yields of biomass in those 

case studies corresponded to those calculated assuming ideal mixing with the only 

occurrence of oxidation metabolism (Table 9.2). The utilisation of S. cerevisiae in comparison 

with B. licheniformis and E. coli had also been observed to decrease gradient occurrence with 

both CFD and compartment model simulations (Chapter 7). The kinetic features of S. 

cerevisiae discussed in detail in Chapter 7 allowed the prevention of glucose starvation to a 

larger extent in comparison with B. licheniformis and E. coli. This is of great help to minimise 

the occurrence of different metabolic regimes, seeing that glucose starvation is the regime 

that occurs more consistently and to a larger degree in all simulations that developed 

significant gradients (Figures 9.8-9.12). 

Secondly, the RTD BM case leads to lack of metabolic heterogeneity mainly owing to the 

magnitude and local distribution of the OTR values. The average OTR is higher in stirred tanks 

with benchmark conditions than in stirred tanks with low settings and bubble columns because 

of the considerable increase in the power input for agitation and the additional headspace 

pressure (Table 4.5). Higher oxygen transfer rate levels lead to higher feed rates and glucose 

concentration levels. This has been observed to be advantageous to prevent significant 

gradients in the processes modelled here seeing that the main regime found other than 

oxidation is glucose starvation. Furthermore, oxygen limitation is also prevented with higher 
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OTR levels. With the A310 BM case study, high average OTR levels were also observed 

(5-7 g kg-1 h-1) (Figure 5.6E). Nevertheless, significant gradients took place with all 

microorganisms and feeding positions (Figure 9.11). The A310 configuration corresponds to 

a stirred tank with a RTD impeller at the bottom and 1-3 hydrofoil A310 impellers at the top. 

The RTD impeller results in higher air dispersion because of the higher power number [244] 

and proximity to the sparger in comparison with the A310 impellers. Thus, with benchmark 

conditions, the local oxygen transfer rate values were higher near the RTD impeller 

(> 10 g kg-1 h-1) than in the rest of the reactor (3-7 g kg-1 h-1) (Figure 6.7G-I) in comparison 

with the cases with only RTD impellers, where the oxygen transfer rate was more evenly 

distributed (Figure 6.6G-I). The feed rate was calculated in each case study based on the 

volume-weighted average values of the 𝑘𝐿𝑎 and the 𝑂∗ of the CFD results (Chapter 5). 

Because the local variation of these variables in the A310 case was significant, the feed rate 

calculated was overestimated and the system could not cope with it when running dynamic 

compartment model simulations, leading to the occurrence of significant gradients 

(Figure 9.11). 

With the utilisation of dynamic compartment models in comparison with fixed-volume CFD 

and CM simulations, the onset of gradients during the fermentation process can be 

determined. This information is of interest to understand the conditions that lead to the 

occurrence of gradients and to determine the time point at which gradients may start becoming 

problematic for process performance. Here, the moment at which the volume fraction of the 

oxidation regime is reduced down to 90% of the total volume is established as the point at 

which significant gradients start taking place. It is possible that gradients cause an effect in 

process performance even with a lower metabolic heterogeneity level. However, this degree 

of metabolic heterogeneity has been chosen to compare the different case studies. 

The final volume fraction of oxidation in the simulations that present other regimes than 

oxidation ranges between 0 and 25% (Figures 9.8-9.12). The onset of potentially significant 

gradients (when the volume fraction of oxidation becomes less than 90%) occurs first with the 

A310 configuration, followed by the RTD and bubble column cases regardless of the 

operational conditions (benchmark or low settings) (Figures 9.8-9.12). If the total volume 

relative to the initial volume at which gradients are starting to occur is evaluated instead of the 

time point, an effect of the feeding position is observed in the results with low settings 

conditions. With top feeding, the same effect as with the time point is found. Nevertheless, 

with bottom feeding, gradients start occurring at lower relative volumes in bubble columns in 

comparison with stirred tanks with the A310 configuration. In Chapter 7, higher volume 
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fraction values of other regimes than oxidation were observed in the bubble column cases 

with bottom feeding in comparison with CM simulations with top feeding (Figures 7.6 and 7.7). 

This effect is also observed with dynamic compartment models (Figures 9.8 and 9.9). As the 

bubble column CFD results showed a higher degree of oxidation with bottom feeding, it is 

likely that the dCMs did not capture mixing as well with bottom feeding as with top feeding, as 

it also occurred with fixed-volume compartment models (Figures 7.6 and 7.7).  

The effect of the feeding position on both the time and relative volume at which gradients start 

has also been examined for stirred tank reactors (Figures 9.10-9.12). Gradients are found to 

occur earlier with top feeding except for the low settings cases with S. cerevisiae, where the 

opposite effect is observed. Furthermore, when examining the relative volume at which 

gradients begin depending on the microorganism (data not shown), significant gradients are 

first found with E. coli, followed by B. licheniformis and S. cerevisiae. The kinetic differences 

of S. cerevisiae in respect to the other microorganisms that help preventing the occurrence of 

gradients have already been outlined. Furthermore, E. coli presents higher glucose uptake 

rates than B. licheniformis (Table 5.1), which reduces the characteristic time of glucose 

consumption (Equation 2.7) and makes the system more susceptible to undergo significant 

gradients given the same mixing performance. 

Link between metabolic regime distributions and by-product metabolism 

As oxygen limitation was expressed consistently in most cases studied (Figures 9.8-9.12), by-

product metabolism also took place. The maximum by-product concentration levels found for 

most stirred tank cases studied are shown in Figure 9.13. 

Both the bubble column cases and the RTD case with benchmark conditions have not been 

depicted because of the low by-product concentration values found, leading to values of the 

orders of magnitude of 10-3 kg m-3 for the BC cases with B. licheniformis and E. coli, and 

10-9 kg m-3 for the BC cases with S. cerevisiae and the RTD BM cases for all microorganisms. 

By-product was not found in the RTD BM cases and BC cases with S. cerevisiae because 

other regimes than oxidation were not expressed, as previously discussed. With bubble 

columns, oxygen limitation took place significantly (> 10%) with both feeding positions and 

operational settings for B. licheniformis and E. coli (Figures 9.8 and 9.9). Nevertheless, as 

bubble columns presented mixing time values one order of magnitude smaller than stirred 

tank reactors (Figures 6.8-6.10), by-product was more available for re-uptake in the 

compartments that experienced oxidation and glucose starvation (Figures 9.8 and 9.9) than 
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in the simulations with stirred tank reactors. Consequently, the by-product concentration 

observed with bubble columns is not as high as with stirred tanks (Figure 9.13). 

 

Figure 9.13. Maximum by-product concentration found in the dynamic compartment model 
simulations with kinetics. The cases included correspond to RTD with low settings (LS) 
conditions and A310 with benchmark (BM) and low settings conditions. The by-product 
concentration values for the A310 LS cases with E. coli correspond to 24.6 and 11.1 g kg-1 for 
top (TF) and bottom (BF) feeding positions, respectively. The y axis has been cut for 
comparison.  

The by-product concentration is higher with top feeding in comparison with bottom feeding 

with the A310 BM case (Figure 9.13). The opposite effect is found with low settings conditions, 

both for the RTD and A310 configurations. With low settings conditions, the OTR values were 

found to be lower below the sparger (Figures 6.6J-L and 6.7J-L), leading to higher oxygen 

limitation and by-product concentration levels when feeding was applied at the bottom. In 

contrast, with benchmark conditions, the OTR was sufficient at the bottom of the fermenter 

(Figures 6.6G-I and 6.7G-I), and mixing seemed to overall perform better with bottom feeding. 

Finally, the A310 LS simulations with E. coli had very high acetate levels, corresponding to 

24.6 and 11.1 g kg-1 for top and bottom feeding positions, respectively (Figure 9.13). It was 

previously reported that the presence of acetate prevents the formation of recombinant 

proteins with E. coli. For instance, it was found that for higher acetate concentration values 

than 3 kg m-3, the production of porcine growth hormone (pGH) was completely inhibited [238]. 

Even though these values may vary depending on the microorganism and product, it needs 
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to be considered that the formation of by-product may inhibit the actual product formation. The 

A310 LS case has shown to develop oxygen limitation and glucose starvation also combined 

with oxygen limitation in the simulations with B. licheniformis and E. coli, with volume fraction 

values of approximately 20 and 80% (Figures 9.12A-D), respectively. These metabolic states 

are the result of higher biomass concentration values than those found in the simulations with 

ideal mixing (Table 9.2). The combination of these higher biomass levels with the OTR values 

calculated to keep the biomass concentration at a lower level led to the occurrence of oxygen 

limitation in almost all reactor volume (Figure 9.12A-D). By-product was being formed in the 

compartments where the glucose level was sufficient, i.e. those close to the feeding position. 

Nevertheless, because most of the reactor volume underwent glucose starvation and oxygen 

limitation, by-product could not be re-assimilated, leading to very high by-product 

concentration levels. Although the regime distribution looks very similar with both strains, the 

acetate values are not as high with B. licheniformis in comparison with E. coli (Figure 9.13). 

The reason is the different acetate formation rates of the two microorganisms (Table 5.1), 

which are considerably higher with E. coli seeing the higher glucose uptake rates and the 

difference of one order of magnitude in the value of the yield of biomass on by-product for by-

product formation (𝑌𝑋𝐵𝑃
𝑂𝑓

). 

The regime distributions of the A310 LS case for B. licheniformis and E. coli are very unlikely 

to occur in a real fermentation if the control strategies have been designed to prevent the 

occurrence of oxygen limitation at such a large extent, as done when the simulations with 

ideal mixing were performed in Chapter 5. Nevertheless, these simulations have evidenced 

that the calculation of the feed rate has not followed the most optimal strategy for situations 

where the oxygen requirements are significantly different than those simulated with ideal 

mixing. As underlined when discussing about the local DO concentration values, the best 

approach to compare the operation between different case studies would be to estimate the 

feeding based on the DO concentration calculated at a controlling compartment, 

corresponding to the position of the DO sensor instead of the entire bioreactor. Furthermore, 

it is also suggested to use directly the feed rate calculated with a real fermentation. These two 

options should be combined for the further assessment and improvement of this methodology, 

which has shown great potential in this chapter, and for the experimental validation.  
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9.2.3. Evaluation of process metrics and energy efficiency 

The assessment of the regime volume fractions evolution during the fermentation process 

simulations has provided a clear idea of the local environment that the cells encounter and 

the consequent metabolic activities that they undergo. It has also allowed the identification 

and understanding of the onset of significant gradients that affect the metabolic regimes that 

the cells experience in fermentation processes. For the further characterisation of process 

performance and for the quantitative comparison with the simulations with ideal mixing, the 

observed yield of biomass on glucose (𝑌𝑋𝐺
𝑂𝑏𝑠) and the biomass volumetric productivity (𝑄𝑋) 

have been calculated. Moreover, the energy efficiency of oxygen transfer (𝐸𝐸𝑂2) has been 

estimated to discuss the trade-off between process efficiency and productivity. The values of 

these three process metrics are summarised for all cases studied in Table 9.2. 
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Table 9.2. Values of the observed yield of biomass on glucose (𝒀𝑿𝑮
𝑶𝒃𝒔), the biomass volumetric 

productivity (𝑸𝑿) and the energy efficiency of oxygen transfer (𝑬𝑬𝑶𝟐) for the 36 simulations of 
aerobic fed-batch fermentation processes ranging between 40 and 90 m3 performed with 
dynamic compartment models with varying reactor types, operational conditions, 
microorganisms and feeding positions. IM and dCM stand for simulations with ideal mixing and 
with dynamic compartment models, respectively. 

Reactor 
type 

Operational 
conditions 

Microorganism 
Feeding 
position 

𝒀𝑿𝑮
𝑶𝒃𝒔  

[kg kg-1] 

𝑸𝑿  
[g kg-1 h-1] 

𝑬𝑬𝑶𝟐  
[kg kWh-1] 

IM dCM IM dCM dCM 

Bubble 
column 

Benchmark 

B. licheniformis 
Top 

0.17 
0.22 

0.42 
0.54 1.96 

Bottom 0.21 0.53 1.91 

E. coli 
Top 

0.21 
0.24 

0.57 
0.66 1.82 

Bottom 0.23 0.63 1.68 

S. cerevisiae 
Top 

0.39 1.70 
1.72 

Bottom 1.73 

Low settings 

B. licheniformis 
Top 

0.16 
0.22 

0.38 
0.51 3.89 

Bottom 0.21 0.49 3.83 

E. coli 
Top 

0.20 
0.24 

0.54 
0.66 3.56 

Bottom 0.25 0.66 3.55 

S. cerevisiae 
Top 

0.38 1.56 
3.36 

Bottom 3.38 

Stirred 
tank with 

RTD 
impellers 

Benchmark 

B. licheniformis 
Top 

0.31 2.12 
1.04 

Bottom 1.04 

E. coli 
Top 

0.28 1.56 
1.06 

Bottom 1.06 

S. cerevisiae 
Top 

0.45 4.52 
0.91 

Bottom 0.91 

Low settings 

B. licheniformis 
Top 

0.17 
0.24 

0.42 
0.60 2.34 

Bottom 0.22 0.54 2.15 

E. coli 
Top 

0.21 
0.27 

0.57 
0.73 1.67 

Bottom 0.26 0.70 1.86 

S. cerevisiae 
Top 

0.39 
0.33 

1.66 
1.44 2.14 

Bottom 0.32 1.40 2.21 

Stirred 
tank with 
hydrofoil 

A310 
and RTD 
impellers 

Benchmark 

B. licheniformis 
Top 

0.30 
0.29 

2.00 
1.91 0.77 

Bottom 0.35 2.33 1.01 

E. coli 
Top 

0.28 
0.31 

1.52 
1.64 0.79 

Bottom 0.32 1.71 0.80 

S. cerevisiae 
Top 

0.45 
0.37 

4.42 
3.76 0.91 

Bottom 0.40 4.01 0.89 

Low settings 

B. licheniformis 
Top 

0.11 
0.21 

0.19 
0.36 1.68 

Bottom 0.20 0.35 1.74 

E. coli 
Top 

0.17 
0.26 

0.40 
0.61 1.49 

Bottom 0.26 0.60 1.55 

S. cerevisiae 
Top 

0.32 
0.28 

0.90 
0.79 1.39 

Bottom 0.28 0.79 1.56 
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Effect of gradients on process metrics 

First, it is observed that the yield and productivity values are the same for the bubble column 

cases with S. cerevisiae and the RTD BM cases for all microorganisms (Table 9.2). The 

reason is that no significant regimes others than oxidation were expressed during these 

simulations as no significant gradients in the local glucose and DO concentration were 

observed. The strain, reactor and operational reasons that lead to a lack of gradient 

occurrence in these systems have already been discussed.  

For all the other cases studied, the occurrence of other metabolic regimes than oxidation leads 

to differences in the yield and productivity values between simulations performed with ideal 

mixing and with compartment models. The differences of both yield and productivity between 

the IM and dCM modelling approaches are correlated, as they both depend on the biomass 

level at the end of the fermentation. The percentage yield differences of the dynamic 

simulations performed with ideal mixing and with compartment models are shown in 

Figure 9.14. 

 

Figure 9.14. Percentage difference between the observed yield of biomass on glucose (𝒀𝑿𝑮
𝑶𝒃𝒔) 

calculated from the simulations with ideal mixing and with dynamic compartment models. blich, 
ecoli and scere refer to B. licheniformis, E. coli and S. cerevisiae, respectively. TF and BF stand 
for top and bottom feeding positions. The results for the RTDBM cases are not shown because 
all yield difference values resulted 0%. 

The percentage yield differences indicate that the results are highly microorganism-dependent 

(Figure 9.14). For B. licheniformis and E. coli, the yield increases with the exception of the 

A310 BM case with B. licheniformis, where a yield loss of 4% is found with dynamic 

compartment models (Figure 9.14). In contrast, either the same or lower values for the yield 

coefficient were found with all cases studied with S. cerevisiae (Figure 9.14). Higher biomass 

yield and productivity values with compartment models in comparison with ideal mixing were 
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expected especially for the B. licheniformis and the E. coli cases, seeing that the same 

phenomenon occurred with CFD and CM simulations of snapshots of fed-batch fermentation 

processes (Figure 7.10). The reason is the modelling artefact discussed in detail in Chapter 7, 

arising from the occurrence of glucose starvation, and the constant definition of the 

maintenance coefficient. As underlined in Chapter 7, future development of kinetic models 

with a dynamic definition of the maintenance coefficient [240] can aid in preventing this 

modelling artefact. Furthermore, the implementation of more complex kinetic models that 

account for product formation under different conditions are required to predict the effect of 

gradients on the productivity for products that are not growth-dependent and/or whose 

production is not tightly linked to the central metabolism, such as the production of enzymes 

[6] and recombinant proteins [241] from B. licheniformis and E. coli, respectively. Finally, the 

consideration of both the duration and magnitude of fluctuations between zones experiencing 

different metabolic regimes and of the cell culture history are recommended to improve 

predictions of the effect of gradients on process performance based on previous studies [19], 

[116]. 

The S. cerevisiae process simulated here corresponds to the industrial production of baker’s 

yeast. Therefore, the biomass yield and productivity values can be directly correlated with 

process performance. Both with the fixed-volume CFD and CM simulations and with the dCM 

simulations, it has been observed that the development of gradients leads consistently to 

lower process yields for S. cerevisiae. With the CFD results, the yield loss values varied 

between 5 and 31% (Figure 7.10A), and agree with values from the literature [28]. Instead, 

yield loss in the overall process ranges between 11 and 17% with dynamic compartment 

models. This value is lower than with the snapshot simulations because it takes the entire 

process into account and significant gradients are not present at the highest magnitude during 

the entire process (Figures 9.8-9.12).  

With the work presented here, the challenge of combining volume addition with models that 

represent fluid dynamics has been solved with the development of dynamic compartment 

models. These have been numerically validated with CFD models, and their level of 

uncertainty has been investigated (Chapter 7). The subsequent step of this work is the 

implementation of models that account for product formation and the comparison with large-

scale data to validate and/or identify the potential shortcomings of the predictive capacity of 

the methodology. The results shown in this thesis suggest that the current bottleneck in 

gradient modelling is not the solving of the fluid dynamics, but the development and 

implementation of kinetic models that can describe the behaviour of the microorganisms 
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undergoing varying metabolic regimes, especially for product formation and low glucose 

uptake rate levels. 

Connection between biomass productivity, energy efficiency and gradient 

occurrence 

In addition to the assessment of the effect of gradients on process metrics, the energy 

efficiency of oxygen transfer has been calculated for all cases studied. This parameter has 

not shown large variations between the simulations with ideal mixing and the dynamic 

compartment model simulations. This is expected as the energy input is constant regardless 

of the presence of gradients or not. This section focuses on understanding the relationship 

between productivity and efficiency in aerobic fed-batch fermentation processes, and 

comparing it for the different cases studied. To this end, the energy efficiency has been plotted 

against the biomass productivity in Figure 9.15. After the evaluation of the trade-off between 

biomass productivity and energy efficiency, process guidelines arising from the work of this 

thesis to minimise the occurrence of significant gradients in industrial aerobic fed-batch 

fermentation processes are provided. 

First, it is observed that the relationship of the energy efficiency and the productivity for all 

cases studied follows the same pattern (Figure 9.15). The least efficient processes 

correspond to the stirred tanks with benchmark conditions, with an average 𝐸𝐸𝑂2 value of 0.93 

kg kWh-1. For these cases, the power input from agitation per volume was approximately four 

times higher (4 ± 0.5 kW m-3) compared with the stirred tanks with low settings condition 

(1 ± 0.5 kW m-3) (Table 4.5). Thus, the stirred tank cases with low settings were more efficient 

by a factor ranging from 1.5 to 2.4 (Figure 9.15). The decrease in efficiency in the STRs with 

benchmark conditions was accompanied by a remarkable increase in the biomass productivity 

levels. Although the same trend is followed in all stirred tank cases, the degree of increase in 

the productivity depends on the microorganism and reactor type. With the RTD BM case, B. 

licheniformis showed a 5-fold increase in the productivity, while a factor of 2.7-2.8 was found 

for the other microorganisms. Furthermore, with the A310 BM case, an increase in productivity 

with factors of 10.5, 3.8 and 4.9 were observed for B. licheniformis, E. coli and S. cerevisiae, 

respectively. 
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Figure 9.15. Energy efficiency of oxygen transfer versus biomass productivity for all processes 
simulated. 

Moreover, both bubble column cases with benchmark and low settings conditions presented 

a similar level of productivity (Figure 9.15), as the overall oxygen transfer rate was also 

comparable with both cases (Figure 6.5G-L). This value was very similar to that observed with 

stirred tanks with low settings conditions (Figure 9.15), as the OTR values were also similar 

(Figure 6.6J-L and 6.7J-L). The energy efficiency of the BC LS case was doubled in 

comparison with the bubble column case with benchmark conditions, as a consequence of 

the decrease by half of the air flow rate (Table 4.3). This increase in the energy efficiency in 

the bubble column cases in comparison with stirred tanks was previously underlined by 

Humbird et al. [232], who calculated 10 to 20% less oxygen delivery cost in bubble columns 

in comparison with stirred tank reactors. 

Regarding the bioreactor types and operational conditions, the examination of these results 

and previous learnings from this thesis leads to two main observations. First, if only the stirred 

tanks are taken into account, benchmark conditions are preferred in comparison with low 

settings. Despite the lower value of the energy efficiency with benchmark conditions, the 

Case studies:

BCBM

BCLS

RTDBM

RTDLS

A310BM

A310LS

Microorganisms:

B. licheniformis

E. coli

S. cerevisiae
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productivity has been shown to potentially yield significantly higher values and compensate 

the additional energy input. Furthermore, benchmark conditions with stirred tank reactors can 

lead to the complete disappearance of significant gradients in large-scale operation 

(40-90 m3) for all microorganisms. The use of benchmark conditions reduces the occurrence 

of both glucose starvation and oxygen limitation due to the improved mixing and oxygen 

transfer rates. 

Subsequently, if higher energy efficiency of oxygen transfer is sought than that achieved with 

the stirred tanks with benchmark conditions, the use of bubble columns is recommended. 

Although bubble columns presented similar oxygen transfer rate levels in comparison with 

stirred tank reactors with low settings conditions (Figures 6.5G-L-6.7J-L), they also presented 

gradients to a lesser extent (Figures 7.6, 7.7, 9.8-9.10 and 9.12). The reason is that the mixing 

time had very low values (11-17 s) in comparison with the stirred tanks (29-208 s) 

(Figures 6.8-6.10). The simulation of bubble columns with half of the air flow resulted in similar 

productivity values than bubble column with benchmark conditions (Figure 9.15). In 

comparison with the stirred tank reactors with benchmark conditions, the loss in productivity 

seemed to be compensated by the significant increase of the energy efficiency for the E. coli 

and S. cerevisiae cases (Figure 9.15). If higher oxygen transfer rates are achieved with bubble 

columns, glucose starvation is most likely to be prevented. Based on the stirred tank results 

with benchmark conditions, an overall adequate OTR level is defined to be larger than 

5 g kg-1 h-1. Then, the process becomes the most efficient and also minimised the occurrence 

of gradients. 

 

9.3. Conclusions 

This chapter has shown the evaluation of glucose and DO concentration gradients with 

different reactor types, operational conditions, microorganisms and feeding positions in 

industrial aerobic fed-batch fermentation processes ranging from 40 to 90 m3 with dynamic 

compartment models. The three main conclusions of this study are the following. 

First, it has been re-assessed that glucose starvation is the most consistent regime found in 

these type of fermentation processes when significant gradients take place owing to the 

control strategy followed, which keeps the glucose concentration at a limiting level. This has 

been shown to already start at low fermentation volumes (44-48 m3) and increase over time. 

Determining the onset of gradients in fed-batch fermentation processes was not feasible 

previously with the available models. Thus, this finding evidences the great advantage that 
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dynamic compartment models entail in comparison with fixed-volume CFD and compartment 

models, by providing a higher time resolution while still taking the fluid dynamics into account.  

Secondly, a biomass yield loss of 11 to 17% has been found for the entire baker’s yeast 

production process, in agreement with previous literature. For B. licheniformis and E. coli 

whose products are not growth-dependent and/or tightly linked to the central metabolism, 

more complex models to account for product formation under different metabolic regimes 

need to be implemented to assess the potential productivity change due to the occurrence of 

significant gradients. Further improvements in the kinetic models are also suggested, 

involving the consideration of the cell culture’s history and the more accurate description of 

glucose uptake at low rates. 

Finally, minimisation or lack of significant gradients has been achieved for all microorganisms 

working with stirred tanks with high power inputs for agitation (4 ± 0.5 kW m-3). These 

conditions have shown to increase the OTR levels (> 5 g kg-1 h-1) and lead to higher glucose 

uptake rates. As the main metabolic regime experienced when significant gradients occur is 

glucose starvation, these operational settings have been proven to successfully prevent the 

occurrence of gradients. The increase in productivity with these operational settings has been 

shown to compensate the additional power consumption. In addition, bubble columns with low 

air flow rates (0.5 vvm) have been demonstrated to yield a significant increase in the energy 

efficiency while presenting gradients only for B. licheniformis and E. coli. As the mixing times 

in bubble columns were previously shown to be rather short (order of magnitude of 101 s), the 

lack of gradients for all microorganisms could be achieved if the OTR is increased to the level 

of the stirred tanks with higher power inputs.  
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Chapter 10 

Conclusions and future perspectives 

 

 
 

This thesis focused on the development and utilisation of modelling tools to gain a deeper 

understanding of conditions that lead to significant gradients which can negatively affect 

process performance in industrial aerobic fed-batch processes. This chapter brings together 

the learnings of this thesis and highlights focus areas for future work. 

Numerical modelling of gradients requires the combination of fluid dynamics models and 

kinetic models to consider both the hydrodynamics and the microbial physiology of 

fermentation processes, respectively. Accordingly, this chapter is divided in three parts 

discussing the learnings arising from fluid dynamics modelling, kinetic modelling, and the 

results of the combination of both fluid dynamic models and kinetic models to assess the 

occurrence and magnitude of gradients in aerobic fed-batch fermentation processes. 

 

10.1. Fluid dynamics modelling 

Fluid dynamics are typically modelled with Computational Fluid Dynamics (CFD) models or 

compartment models. Compartment models (CMs) are computationally much less expensive 

in comparison with CFD models, leading to elapsed real times of a few seconds to simulate a 

snapshot of the process as a consequence of the lower number of ideally mixed volumes 

simulated (order of magnitude of 101-102) in comparison with CFD modelling (order of 

magnitude of 105-106) and the exclusion of the Navier-Stokes equations. The simplification of 

compartment models in comparison with CFD models also entails a reduced accuracy in the 

results. Thus, an adequate trade-off between computational demand and predictive quality is 

required when developing and utilising compartment models with microbial kinetics.  
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Previously, complete fed-batch fermentation processes could not be modelled because both 

CFD and compartment models could not take volume addition into account. Therefore, 

dynamic compartment models (dCMs) were built to enable modelling, in a single simulation 

and with low computational demand (leading to elapsed real times of a few minutes), of entire 

aerobic fed-batch fermentation processes. In this thesis, it is the first time that both fluid 

dynamics and volume addition are considered in simulations of industrial fermentation 

processes. The two main conclusions arising from the development of and simulation with all 

the fluid dynamics models used in this thesis are the following. 

First, it was noticed that there is considerable uncertainty in the estimation of the oxygen 

transfer rate (OTR) as this relies on accurately determining the interfacial area for oxygen 

transfer. Accurately measuring such parameters is challenging from an experimental 

perspective, particularly at industrial scale. One of the most crucial aspects is the 

determination of the mass transfer coefficient in the liquid layer (𝑘𝐿), a highly sensitive 

parameter for the calculation of the OTR. In this thesis, the 𝑘𝐿 values have been established 

based on a correlation from the literature for stirred tanks [104], while a constant value found 

experimentally was used for bubble columns [105]. While both approaches resulted in realistic 

OTR values, it is encouraged to perform more experimental tests at the industrial scale to get 

more informed estimates and validate these parameters. The main motivation to further 

characterise oxygen transfer in the type of aerobic fed-batch fermentation processes modelled 

here is the strong correlation between the feed rate and the oxygen transfer rate, and the 

impact of both variables on the occurrence of gradients. Industrial-scale validation of mixing 

time predictions is also encouraged. In this thesis, both fluid dynamics and mass transfer have 

been solved following state-of-the art modelling approaches. Thus, it is of interest to check 

whether these widely used approaches correspond with real operation. 

Secondly, from the comparison between CFD models and compartment models combined 

with kinetics, it was concluded that compartment models capture whether significant 

gradients would occur or not as well as CFD models in all cases studied. Furthermore, a 

28% difference in the average yield coefficient between CFD and CMs was found 

considering all cases with volumes of 60 and 90 m3, most of which developed significant 

gradients. Although differences in the yield were found, the metabolic regimes captured 

with both modelling tools were very similar. Regime analysis was shown in Chapter 2 to 

be a useful tool to determine whether the systems present gradients or not. Compartment 

models have the advantage of providing an idea of the type of gradients that are likely to 

develop, their magnitude and spatial location in the fermenter. The differences observed 
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between the CFD and CM results are reasonable seeing the great simplification that 

simulating with compartment models entails in comparison with CFD models, providing a 

meaningful trade-off between computational power (and time) and accuracy in the results. 

Thus, the utilisation of compartment models with microbial kinetics is recommended 

for initial screening of gradients and/or to learn the type of non-homogeneous 

metabolic behaviour that cells may experience. Another interesting application of 

compartment models with microbial kinetics is the optimisation of the glucose feeding 

and/or DO controlling positions in the fermenter, which can be done significantly faster than 

with CFD models with kinetics. Finally, compartment models can be used in combination 

with more complex kinetic models than CFD modelling if the computational demand of 

the latter is the limiting factor. Nevertheless, if a more informed quantification is required, 

CFD models combined with kinetic models should be used instead. Alternatively, 

compartment models can be further improved, for instance by accounting for the 3-D geometry 

instead of being based on a 2-D plane. By doing that, the potential asymmetry of the flow 

pattern and/or the feed position can be considered, and the error in the prediction could 

potentially be reduced. However, the complexity to design a strategy to automatically build 

3-D compartment models needs to be taken into account, as it is a challenging task which 

does not necessarily guarantee a significant improvement in the predictive capacity of the 

model. 

 

10.2. Kinetic modelling 

Kinetic models that describe the varying behaviour of microorganisms according to the 

environmental conditions (e.g. local substrate concentration) are needed to model the 

microbial physiology. Thus, an unsegregated and unstructured kinetic model for Bacillus 

licheniformis was developed that can describe glucose and oxygen uptake, as well as acetate 

cycling under five different metabolic regimes, whose expression depends on the glucose and 

dissolved oxygen concentration values. From this work, it was concluded that the occurrence 

of overflow metabolism is not expected to be a major concern in B. licheniformis 

fermentation processes, as the growth rates at which overflow metabolism occurs are placed 

in a narrow window (𝜇 = 0.40-0.43 h-1). Furthermore, it was underlined that the maintenance 

coefficient is an important model parameter in aerobic fed-batch fermentation 

processes due to the control strategy used in such processes. First, cells are rapidly grown 

to a certain concentration, limited by the target dissolved oxygen (DO) level. Then, the feed 
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rate is manipulated to keep the DO level at a constant set point, preventing oxygen limitation 

while maximising the amount of biomass in the fermentation process. Consequently, the 

growth and glucose uptake rates are very low most of the time. In this work, glucose uptake 

depends on both growth and maintenance rates. While glucose uptake for growth is variable 

and directly correlated with the specific growth rate, the specific maintenance rate is constant. 

Therefore, higher glucose mass fractions are used for maintenance purposes rather than for 

growth, making the maintenance coefficient an essential model parameter in aerobic fed-

batch fermentation processes. 

Subsequently, the kinetic models for B. licheniformis and two other industrially relevant 

microorganisms (Escherichia coli and Saccharomyces cerevisiae) were combined with 

models that account for the fluid dynamics of the bioreactor (CFD models, compartment 

models and dynamic compartment models). From these investigations, it was concluded that 

glucose starvation plays an important role in almost all cases studied. This observation is 

in line with conclusions reached by others [1]. Glucose starvation occurs when insufficient 

glucose is present to fulfil the organisms’ maintenance requirements. Hence, the fact that 

glucose starvation is a highly recurrent metabolic regime when gradients occur confirms the 

importance of the maintenance coefficient value, as described based on the B. licheniformis 

kinetic characterisation studies. Furthermore, a modelling artefact that led to higher biomass 

yields when glucose starvation occurred was identified because of the definition of a constant 

maintenance requirement. Both findings underline the strong need to develop kinetic 

models with improved predictive capacity at low glucose uptake rates. Studies by others 

[77], [239] already showed that the maintenance rate presents non-linear relationships with 

growth and death rates, process yields and metabolic pathways. Thus, a dynamic 

mathematical description of maintenance based on these observations is recommended 

rather than assigning a constant value to the maintenance coefficient. A recent study [240] 

has yielded closer predictions with experimental values by expressing the maintenance 

coefficient as a function of the variance of the glucose concentration distribution in a large-

scale fermentation process with E. coli. A dynamic definition of maintenance would also 

decrease the stiffness of the kinetic equations and would facilitate the solution of the 

differential equations, reducing numerical problems.  

Based on the results of the dynamic compartment model simulations with microbial kinetics 

of entire aerobic fed-batch fermentation processes, a biomass yield loss of 11-17% was 

found in some Saccharomyces cerevisiae fermentation process simulations, matching 

results from the literature [28]. For processes with other products than biomass whose product 
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formation kinetics are not tightly linked with growth and/or central metabolism [238] 

(corresponding to those with B. licheniformis and E. coli), a model describing product 

formation depending on the different metabolic regimes that the cells experience was not 

found in the literature nor developed due to the experimental challenges that its development 

requires. To quantify the productivity change in these microorganisms, future work should 

aim at developing models for product formation that consider different environmental 

conditions. 

The unsegregated and unstructured models developed and used in this thesis assume that 

the switch between metabolic regimes is instantaneous and they do not consider the internal 

reactions taking place. Such an approach was previously utilised in CFD simulations with 

lactic acid bacteria and S. cerevisiae, showing close predictions with experimental data [20], 

[86]. Nevertheless, other studies with Penicillium chrysogenum and Escherichia coli showed 

more accurate predictions of the effect of gradients on process performance by taking the 

duration and magnitude of the cell fluctuations between different zones into account, providing 

more comprehensive descriptions of the metabolic reactions and/or by considering the cell 

culture history [19], [116]. The Euler-Lagrange approach was used to model the cell 

fluctuations between zones with CFD modelling [19], while metabolic and population balance 

models were used to describe more accurately cell metabolism and take the cell culture 

history into account, respectively [19], [116]. Considering the results both of this thesis and of 

the literature, it is concluded that every product and/or process has different kinetic model 

demands, and that it is crucial to evaluate the level of complexity that the kinetic model 

requires at the starting point of gradient modelling. Products whose formation does not 

directly depend on growth and/or central metabolism (such of B. licheniformis, E. coli and P. 

chrysogenum) require complex kinetic descriptions of product formation to successfully 

evaluate the productivity change with the development of gradients. In contrast, processes 

whose products are biomass or whose formation is firmly linked to central metabolism (e.g. 

yeast and lactic acid bacteria) have shown to provide sufficiently good estimates with classic 

microbial kinetic models (e.g. Monod and Luedeking-Piret models). From a process 

perspective, a more thorough definition of glucose uptake at low rates, including describing 

dynamically the maintenance rate, needs to be applied to processes that develop glucose 

starvation to avoid the modelling artefact experienced in this thesis, which results from the 

use of a constant maintenance coefficient. 

The necessity of including more sophisticated modelling approaches such as population 

balance models and Euler-Lagrange CFD simulations cannot be ascertained for each 
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microorganism yet as simulations with different levels of complexity have not been performed 

and compared. Nevertheless, for all processes where these modelling techniques were 

applied, closer results to the experimental values were achieved [19], [116], suggesting a 

promising improvement in the prediction in comparison with the traditional combination of 

Euler-Euler CFD models or compartment models with classical microbial kinetic models. 

However, as in all modelling exercises, the complexity of the models needs to be adjusted to 

the objective. If the objective is the accurate quantification of the impact of gradients on 

fermentation processes (e.g. by evaluating the change in the yields), the improvements 

suggested above are strongly recommended. On the other hand, if the goal of the modelling 

exercise is to get an idea whether gradients are likely to take place, and which types of 

metabolic regimes are likely to arise, the combination of Euler-Euler CFD and compartment 

models with traditional kinetic models seems sufficient. To completely evaluate the level of 

uncertainty of the different modelling techniques (both fluid dynamics and kinetic models with 

different levels of complexity), experimental validation of the combination of fluid dynamics 

models with microbial kinetic models with industrial fermentation process data is required. 

The development and extensive utilisation of many modelling tools in this thesis (kinetic 

models, CFD models and compartment models) shows that solving the fluid dynamics can be 

reasonably done with different levels of accuracy with CFD models and compartment models. 

Nevertheless, there is still uncertainty in the selection of the complexity and in the 

development of kinetic models that can reliably describe cell behaviour under varying 

environmental conditions. Hence, it is concluded that the current bottleneck in the field of 

gradient modelling is not the solving of the fluid dynamics but the selection and 

development of adequate kinetic models.  

For the accurate quantification of the impact of gradients on process performance, the B. 

licheniformis model developed in this thesis is suggested to be used as the starting point for 

development of a more complex model that includes product formation under varying 

environmental conditions and a dynamic definition of the maintenance coefficient for a more 

accurate quantification of the influence of gradients on fermentation process performance. 

This approach can also be applied to other microorganisms with similar kinetic characteristics 

and/or fermentation processes. 
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10.3. Gradient occurrence and prevention 

After testing many different scenarios with varying reactor types, volumes and operational 

conditions (Chapters 5, 7 and 9), it was found that glucose and dissolved oxygen 

concentration gradients that lead to other metabolic regimes than oxidation were 

eliminated for all cases where the mixing time was less than 100 s and the oxygen 

transfer rate was greater than 5 g kg-1 h-1. With S. cerevisiae, an OTR level above 

2 g kg-1 h-1 was sufficient to prevent the occurrence of such gradients.  

These operational considerations prevent the occurrence of significant gradients because of 

the abovementioned cultivation strategy used in the industrial fermentation processes 

modelled in this thesis [7]. As previously described, in most of the process, the feed is applied 

to keep the DO level constant, preventing oxygen limitation while operating at high cell 

densities. Consequently, the glucose concentration in the broth and the specific rates of 

growth and glucose uptake are low. With insufficient mixing performance, glucose transport 

to the furthest zones from the feeding point is limited, ultimately leading to glucose starvation. 

This phenomenon is enhanced with low average glucose uptake rates (as a consequence of 

low OTR levels) because they are closer to the maintenance rates. Regarding the 

microorganism dependency, S. cerevisiae kinetics present lower glucose maintenance 

requirements and a higher glucose affinity constant (𝐾𝐺) in comparison with B. licheniformis 

and E. coli kinetics. While a lower maintenance coefficient set the boundary to undergo 

glucose starvation at a lower level, the higher glucose affinity constant promoted the operation 

with higher average glucose concentration levels in comparison with the other 

microorganisms, preventing glucose starvation with lower OTR values in comparison with B. 

licheniformis and E. coli. 

The exclusion of one operational consideration (low mixing or high oxygen transfer) 

has been shown not to avoid the occurrence of significant gradients with all 

microorganisms studied in this work. For instance, although the bubble columns presented 

lower mixing times in comparison with the stirred tank reactors (one order of magnitude) 

(Chapter 6), they did not achieve sufficiently high oxygen transfer rate levels to prevent 

significant gradients for all microorganisms. The occurrence of lower mixing times in bubble 

columns in comparison with stirred tanks is in accordance with correlations from the literature 

[91], [93]. The utilisation of bubble columns avoided the occurrence of significant gradients in 

S. cerevisiae simulations because of the kinetic characteristics (low maintenance 

requirements and higher glucose affinity constant) previously underlined. For B. licheniformis 
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and E. coli, higher oxygen transfer rates are required besides the low mixing times to operate 

at higher average glucose uptake rates that prevent the occurrence of glucose starvation. 

Both operational and microorganism-dependent learnings of this thesis to minimise gradients 

in large scale are in agreement with regime analysis [108], and with the other large-scale 

studies found in the literature for E. coli and S. cerevisiae [18], [21], [27]. The latter is shown 

in Figure 10.1, where the only case study where gradients were avoided correspond to the 

bubble column simulation with benchmark conditions (BCBM) and S. cerevisiae performed in 

this work. This is located in the operational zone (in terms of mixing time and OTR) that 

prevent the occurrence of significant gradients for S. cerevisiae. The rest of case studies 

developed significant gradients, and were also operated at conditions that led to them 

according to the work of this thesis. 

High oxygen transfer rates (5-8 g kg-1 h-1) have been shown to occur at volumetric power 

inputs for agitation of 4 kW m-3 in stirred tank reactors ranging between 40 and 90 m3. The 

additional productivity achieved with stirred tanks with high power inputs was shown to 

potentially compensate for the increased power consumption in comparison with low power 

inputs as found when evaluating the relationship between the energy efficiency and the 

biomass productivity for all cases studied (Chapter 9), while gradients were avoided. 

However, if bubble columns operate at high oxygen transfer rates (> 5 g kg-1), gradients 

can also be avoided for all microorganisms and a significant increase in the 

productivity in comparison with stirred tanks can be achieved. For example, increasing 

the superficial velocity seems a reasonable approach to increase the OTR level. In conclusion, 

this bioreactor type prevents gradients and maximises productivity and process efficiency if 

the oxygen transfer rates reach sufficiently high levels. 
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Figure 10.1. Mixing time with respect to the oxygen transfer rate for the cases studied in this 
work with CFD modelling combined with microbial kinetics (BCBM, RTDLS and A310LS) and in 
the literature [18], [21], [27]. All cases in the figure besides the BCBM simulation with S. 
cerevisiae developed significant glucose and dissolved oxygen concentration gradients that 
led to other regimes than oxidation. The combination of mixing time and OTR values that 
prevent the development of significant gradients with S. cerevisiae and all microorganisms 
tested are indicated with rectangles. 
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