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J�erôme Morchain, Jean-Christophe Gabelle, and Arnaud Cockx
Universit�e de Toulouse; INSA, UPS, INP; LISBP, 135 Avenue de Rangueil, F-31077 Toulouse, France
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Lab-scale (70 L) and industrial scale (70 m3) aerated fermenters are simulated using a commercial computational fluid
dynamics code. The model combines an Euler-Euler approach for the two-phase flow, a population balance model for
biological adaptation to concentration gradients, and a kinetic model for biological reactions. Scale-up at constant volu-
metric mass transfer coefficient is performed, leading to concentration gradients at the large scale. The results show
that for a given concentration field and a given circulation time tc, the population (physiological) state depends on the
characteristic time of biological adaptation Ta. The population specific growth rate (Ta�tc) is found independent of the
spatial location and closely related to the volume average concentration. Oppositely, the population specific uptake rate
(Ta�tc) is spatially heterogeneous. The resulting local disequilibria between the uptake rate and the growth rate provide
an explanation for the decreased performances of poorly macromixed industrial bioreactors. VC 2013 American Institute

of Chemical Engineers AIChE J, 60: 27–40, 2014
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Introduction

Despite the many experimental studies describing growth,
production and oxygen transfer at laboratory scale, the scale-
up of the process based on empirical correlations is still
uncertain and many intermediate steps are necessary to pro-
gressively tune operating conditions to the desired perform-
ance. Larsson and coworkers showed that, during the scale-up
of stirred tank reactors, undesired products are formed leading
to a decrease in biomass yield. This problem is thought to be
caused by noncontrolled pH, insufficient oxygen supply, and
presence of substrate gradients, all due to insufficient mix-
ing.1–5 Various consequences of these heterogeneities on the
microorganisms’ behavior have been recently reviewed by
Lara et al.6 It has been widely demonstrated that microbial
cells are affected by the fluctuations they undergo. Dunlop
and coworkers pointed out the influence of intermediate mix-
ing scales (i.e., mesomixing) on continuous cultures of S. cer-
evisiae.7,8 The conversion yield of substrate into biomass was
found to be dependent on the number and position of the
injection points in a 3 L aerated bioreactor. The effects of
such heterogeneities on microbial metabolism were also stud-
ied in scale-down experiments that consisted of two continu-
ous reactors, perfectly mixed or plug flow.1,9,10 Operating

conditions of the reactors are chosen in order to expose cells
to sudden variation of substrate concentration.3,5,11–14 As a
result, it has been shown that periodic exposure to excessive
substrate concentration induces some modifications of the cell
metabolism and leads to: (i) the over assimilation of sub-
strates, (ii) the formation of by-products, and (iii) a decrease
in the overall reactor performance.

For the prediction of gradients in a bioreactor, an alternative

to the experimental approach relies on computational models

that integrate both physical and biochemical phenomena.15 In

recent years, Computational Fluid Dynamics (CFD) simulation

has become an effective tool to model multiphase reactors rap-

idly and accurately. Based on the numerical solution of the

conservation equations for mass, momentum and energy, the

applicability of CFD simulations has been demonstrated for

single-phase and two-phase flow in various chemical engineer-

ing applications. The same approach can be successfully used

for bioreactors by implementing suitable biochemical models

for the reaction term. However in the very case where large

concentration gradients are formed, the results are less satisfac-

tory. Several attempts have been made to simulate a bioreactor

by coupling fluid dynamics and microbial kinetics obtained

from laboratory scale experiments,16,17 using either a simplified

compartment model18,19 or a full multiphase CFD approach.15

Very often, lower substrate consumption than expected3 or an

over-prediction of biomass yield was observed. In consequence,

the parameters of the biological model (either kinetic or meta-

bolic) had to be suited to the reactor scale. The authors of these
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studies agree that the key issue for successful integration of

fluid dynamics and microbial kinetics is a better description of

both micromixing and microbial dynamics.15,18,20

Our aim is to develop a consistent CFD based model for
bioreactors in which the strong two-way coupling between
physical and biological dynamics is accounted for. Lapin and
coworkers21,22 considered this question through a CFD Euler-
Lagrange model. Here, we propose an Euler-Euler approach
(for the gas-liquid flow) coupled with a population balance
model for the biological phase. In two previous papers,23,24 a
single variable structured model and a population balance
model dealing with the dynamic adaptation of microorganisms
exposed to concentration fluctuations were developed. The
main idea introduced in these papers is the “out of equi-
librium” concept which states that the cell population may not
be at equilibrium with its local environment. It was shown
that under transient conditions, the bioreaction rates cannot be
simply calculated from the local concentrations in the liquid
phase. In this article, our objective is to investigate the bene-
fits of using this concept when dealing with the scale-up of a
bioreactor. Thus we consider in this study:

i. a Euler-Euler model for the gas-liquid flow
ii. a simple kinetic model to account for biological

reactions.
iii. a mass balance population for the dynamic adaptation

to stationary concentration gradients
Two reactor scales are simulated for comparison, a pilot-size

stirred tank of 70 L and an industrial-size stirred tank of 70
m3. The first part of the article is dedicated to the details of the
different models used and a presentation of the scale-up strat-
egy. Particular emphasis is placed on the analysis of the differ-
ent time scales of the process and the heterogeneities induced
in the gas, liquid, and biotic phases. A sensitivity analysis
regarding the time scale of biological adaptation to local con-
centration is proposed. Owing to this approach, the formation
of gradients and the resulting impact on the population of cells
can be investigated. In particular, the local disequilibrium
between the growth rate and the uptake rates are quantified. At
the reactor scale the magnitude of the disequilibrium provides
a quantitative estimate of the bioreactor efficiency. The latter is
shown to be impacted by the position of the feed point.

Material and Methods

Geometry and mesh

The geometry of the tank meets the Rushton standards
(see Figure 1). This geometry was already used in previous

numerical25,26 and experimental studies.27,28 The flat-bottomed
tank equipped with four flat baffles has a diameter of
T 5 0.45 m, filled with a liquid height of H 5 T 5 0.45 m,
corresponding to a volume of 0.07 m3. The Rushton turbine
has a diameter D 5 T/3 5 0.15 m and is located at a clearance
C 5 D 5 0.15 m. The grid mesh was built with Gambit soft-
ware and has around one million nodes. Using this mesh with
the sliding mesh technique, single phase flow simulations
(standard k-e turbulence model and Large Eddy Simulation
[LES]) have been extensively validated against Particle Image
Velocimetry measurements.25,26 In this work, the same grid
was used but the motion of the impeller was accounted for by
the moving reference frame technique (MRF). The MRF
method represents a good compromise between physical and
computational accuracy.29,30 The dimension of the MRF zone
is HZ 5 0.06 m and DZ 5 0.3 m. The mesh used for the simu-
lation consisted of approximately 250,000 and 750,000 hexa-
hedrons for the MRF zone and the stationary zone,
respectively. The mean cell size in the MRF ranged from 1
mm to 3 mm. The grid of the outer zone was somewhat
coarser than that of the inner zone. This grid was built for sin-
gle phase flow, so the gas sparger ring was not meshed. It
was modeled in a second step by a source term for the gas
phase in a known volume of cells located between the bottom
of the tank and the stirrer at z 5 D/6. The 70 m3 numerical
model of the large scale reactor (geometry and mesh) is sim-
ply obtained by multiplying all dimensions by 10.

Operating conditions and scale-up methodology

Simulations at two scales, 70 L and 70 m3, are presented.
Large-scale operating conditions are calculated following
industrial rules of design. Although many scale-up rules can
be applied our choice here was to keep the specific power
input constant. It will be shown that this is equivalent to a
scale-up that preserves the oxygen transfer capacity between
the two scales. The possible oxygen depletion in bubbles at
the largest sale is avoided by using oxygen enriched air in
the simulations. Operating conditions for the two fermenters
are reported in Table 1.

Impeller Speed and Power Consumption. For a fully tur-
bulent one-phase system, the ungased power consumption is
given by

P05ql:NpN3D5 (1)

In the industry, the power input ranges between 1000 and
5000 W/m3

. An identical specific power input of 1800 W/m3

was chosen for both reactor sizes. Assuming a power number
Np of 5.1 for the Rushton turbine the rotational speed N of
the impeller was set to 420 and 90 rpm for the 70 L and the
70 m3 tanks, respectively.Figure 1. Geometry of the 70L stirred tank.

Table 1. Hydrodynamic Conditions of the Two Reactors

(70 L and 70 m
3
)

70 L 70 m3

Stirrer diameter (m) 0.15 1.5
Stirrer speed (rpm) 90 420
Volume (m3) 0.071 71
Specific power input (ungassed) (W/m3) 1853 1823
Gas flow rate Qg (m3/s) 0.0008 0.08
Specific gas flow rate (vvm) 0.67 0.067
Superficial gas velocity (m/s) 0.005 0.005
Gas flow number (-) 0.034 0.016
Expected kla (h21) 500 500
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Volumetric Mass Transfer Coefficient. In aerobic proc-
esses, the volumetric mass transfer coefficient is often cho-
sen as a scale-up criterion because it contributes significantly
to the overall process performance and energy costs. Correla-
tions for the prediction of the gas-liquid mass transfer in a
stirred tank usually take the form

kla5kl6
ag

dB

/ Pg

V

� �a

Ub
s (2)

Thus, in order to maintain the oxygen transfer rate, the
same specific power input and superficial gas velocity are
imposed at both scales. The bubble diameter, dB latter was
assumed to be constant and was set to 1 mm. It was chosen
considering the correlation of Hinze-Kolmogorov (leading to
1.8 mm in pure water) and reduced by the presence of salts
in the biological medium (noncoalescing).

Gas Flow Rate and Superficial Velocity. For aerated
stirred reactors, three regimes of bubbly flow: (i) flooding,
(ii) loading, and (iii) complete dispersion, have been identi-
fied.31 To maximize mass transfer, a complete dispersion of
the gas phase is required. Nienow proposed that, for tanks
up to 1.8 m in diameter, nondimensional boundaries of these
regimes should be calculated in terms of flow number,
FlG 5 Qg/ND3, Froude number, Fr 5 N2D/g, and the geome-
try.32 According to this suggestion, a constant superficial
velocity, Us5 Qg/Sa50.005 m/s, is set ensuring complete
dispersion and constant gas hold-up for both scales.

Gas-liquid flow modeling

Euler-Euler Model. The commercial CFD software pack-
age FluentVR was used to solve the Eulerian balance of each
phase. The k-e model and the sliding mesh technique were
chosen because of their compatibility with gas-liquid Euler-
ian simulation. The working fluids were water for the contin-
uous phase (ql 5 998.2 kg/m3 and ll 5 1023 kg/m s) and air
for the dispersed phase (qg 5 1.2 kg/m3 and lg 5 15 3 1023

kg/m s). Since it is not included in FluentVR , a special
“degassing” boundary condition was needed to simulate the
free surface. Ranade discussed different possible approaches
to treat this gas-liquid interface.33 In our case, the free sur-
face was modeled as a sink term for the gas phase in the
layer of cells just below the liquid surface. A user defined
function is developed to have a degasing condition for the
bubbles and a symmetry condition for the liquid as in the
work of Talvy34,35 and Fayolle.36 The free surface is then
mobile, strengthless, and flat. The oxygen transfer from the
free surface is neglected in comparison to the bubble interfa-
cial area. This choice allows good calculation stability of the
turbulent two-phase simulations with an accurate physical
meaning. All other boundaries are treated as solid walls with
a no-slip condition for the velocities and a standard wall
treatment for the turbulent quantities.

A classical Schiller and Naumman drag law, proposed in
CFD code, is used. This correlation is valid for solid spheres.
In biological media, one can assume that the bubble interface
is fully contaminated, so the slip velocity at the interface is
null. Thus, the bubble can be considered as a rigid sphere.
With this correlation, the rise velocity of a 1 mm bubble is
G 5 0.113 m s21 in a stagnant fluid. Swarm effects are not
considered for the gas flow rate leads to a relatively low gas
hold-up (<5%). Collective effects on bubble velocity is usu-
ally neglected under 5% of gas fraction37 but can also be
neglected on mass transfer coefficient.38 Other forces such as

lift force and added mass force are assumed to have a low
impact on the gas distribution in a stirred tank. The drift
effect39 accounting for the dispersion effect due to the trans-
port of particles by turbulent fluid motion is included.34,35

Scalar Transport Equation. Substrate, oxygen in the liq-
uid, oxygen in the gas and biomass are considered as scalars.
The substrate feed is modeled via a source term in the corre-
sponding scalar transport equation. Note that the source term
is zero everywhere except in the injection zone where sub-
strate is poured at the volumetric flow rate QV(S). Its value
and that of the volume of the injection zone is such that
qQV(S).Vinj5QS, where QS is the feed rate in kg h21.

Oxygen mass transfer modeling. The interfacial mass
flux between the gas bubbles and the liquid NT is expressed
in terms of interfacial area, a, and transfer velocity, kl, usu-
ally called the transfer coefficient.

NT5kla O �2-O 2;l

� �
(3)

In the case of spherical bubbles, the interfacial area is
expressed as

a5
6ag

dB

(4)

The transfer coefficient kl is estimated by the classical pen-
etration theory of Higbie (Higbie 1935). Although more
sophisticated approaches could be chosen, the local mass
transfer coefficient kl is first assumed to be constant. Its value
is calculated from the expression below, using the terminal
velocity of a bubble for uR, which leads to a value of 5.36 3

1024 m s21 in the present case. A value of 5.2 3 1024 m
s21 is found with the correlation of Lamont and Scott.40 In
the CFD simulation, the local relative velocity is used.

kl5
2ffiffiffi
p
p

ffiffiffiffiffiffiffiffiffiffi
DluR

dB

r
(5)

where Dl is the molecular diffusion of oxygen in pure water.
The local oxygen saturation concentration O�2 in water is
estimated from Henry’s law and the local concentration of
oxygen in the gas O2,g

O�25mO2;g (6)

with m defined as follows

m5HeRT (7)

He is the Henry constant representing oxygen solubility in
water (1.05 3 1025 mol/m3 Pa at 25�C), R is the ideal gas
constant and T is the temperature. This constant also changes
with the total pressure. Taking into account enhanced solu-
bility due to higher pressure in the bottom part of industrial
reactor is often necessary. In this case, this dependency was
not introduced; it will be shown that all simulations were
run under oxygen nonlimiting conditions.

Biotic phase modeling

Strictly speaking, the biotic phase is a third phase in the
system, but the particle Stokes number associated to the
microorganisms is small enough to assume that microorgan-
isms behave like tracers of the continuous phase.41 Thus, the
biological phase is represented here through its concentration
in the liquid phase, however, it is not assumed that all indi-
viduals are identical and the concept of population balance
is introduced to account for the differences between
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individuals possibly induced by the concentration gradients
experienced.

Population balance model. The population balance
model used in this work was presented in detail in a previ-
ous paper. The main idea is that segregation among individu-
als is introduced based on an internal variable, e, which can
be further used to compute the growth rate.24 Owing to this
approach the algebraic link between the local concentrations
and the biological reaction rate is cut. This decoupling
allows a true dynamic behavior to be obtained through the
introduction of biological characteristic times in the model
as discussed by Morchain et al.23

A population balance equation (PBE) describes the trans-
port in both physical and internal variable space. A general
formulation was proposed by Ramkrishna42

@n e; x; tð Þ
@t

1ui
@n e; x; tð Þ

@xi
2

@

@xi
Dn
@n e; x; tð Þ

@xi

� �

52
@

@e
n e; tð Þ:fð Þ1h e; tð Þ

(8)

e is the vector of internal coordinates that are used to dis-
criminate among individuals, x is the vector of spatial coor-
dinates, t is the time. The second and third terms on the left
hand side are relative to the convective and diffusive trans-
port in physical space. In the presence of spatial heterogene-
ities, these convective and diffusive terms of the general
PBE will be handled by the CFD part of the model.

Thus, in the following the basic features of the model are
recalled using the simplified homogeneous formulation and a
single internal coordinate

@n eð Þ
@t

52
@

@e
n eð Þ:f½ �1h (9)

n(e) represents the number of individuals in the population
for which the internal property is in the range [e, e1De].
The variable e can be a specific rate; the specific growth rate
for example or any other biological reaction rate. This is
advantageous since the reaction rates are generally bounded
between 0 and emax, thus the PBE can be solved using the
method of classes with a fixed pivot technique. Moreover,
the result of the model is a distribution of biological reaction
rates that can be used directly to compute the substrate pro-
duction/consumption rates. The determination of the complex
relationships between the cell content and the reaction rates
is therefore overcome. It was shown in a previous work that
a moderate number of classes such as 10 is sufficient to
describe the population dynamics while limiting the compu-
tational cost.24 The first term in the right hand side of the
Eq. 9 corresponds to transport in the internal variable space.
It represents the number of individuals that change in e
due to favorable or unfavorable conditions in the medium
(insufficient or excessive nutrient concentrations with respect
to their physiological state). In this first term, f refers to rate
of change of e with time and thus reflects the adaptation
of cells.

f5
@e

@t
(10)

A general form for this adaptation law was proposed ini-
tially23 and adapted to the case where e stands for the spe-
cific growth rate l.24 In this article, we make use of a

simpler form given in Eq. 11 which preserves the main fea-
tures of the adaptation law:

– the driving force of adaptation is then taken as the dif-
ference between the instantaneous value of e and the
value e* that would be reached in the same environment
at equilibrium (for t 51). Note that we assume that the
relationship between e* and the concentrations in the
liquid phase at equilibrium is known.

– The adaptation rate is the sum of two rates, one related
to the actual growth rate l and one independent from
the cell growth (1/Ta).

f5
1

Ta
1l

� �
e �2eð Þ (11)

The second term on the right hand side of Eq. 9, h, repre-
sents the birth of microorganisms in a given state (value of
e) due to cell multiplication.

The tunable parameter is the adaptation time constant Ta.
Obviously there are numbers of biological features that adapt
in response to concentration changes in the environment, so
the choice of the value of Ta is not independent from the
biological phenomenon associated to the variable e. For high
values of Ta, adaptation is a slow process which operates at
a rate comparable to the specific growth rate. This is the
case for biological phenomena which are related to the cell
multiplication itself; having a large characteristic time. For
small values of Ta, adaptation proceeds at a rate which can
be much faster than the growth rate as soon as 1/Ta�l.
Thus, the same model can be used to study the dynamic
response of fast biological phenomena, with a characteristic
time scale smaller than 1/l. Whatever the biological rate
considered, its average value is computed from the vector
{ni}e through the following equation

epop 5
1

nT

�
X

i

eini (12)

where ni represents the number of cells for which the rate e
is equal to ei. nT is the total cell number. The upper script
pop means that averaging is performed over the population
(and not spatially over the reactor).

Biological reaction model. As far as the bioreaction is
addressed through a kinetic model, the internal variable e of
interest is the specific growth rate l. The same unstructured
kinetic model is used for each class and the rates are
dependent on the actual specific growth rate li in the ith
class. The number of cells in each class ni is also replaced
by the biomass concentration Xi (g/l).

The overall substrate and oxygen consumptions due to
biological reactions are simply the sum of all consumptions
over the classes

rS52
1

YSX

�
X

i

la
i Xi (13)

rO2
52

1

YSX

1

YSO

�
X

i

la
i Xi (14)

The specific growth rate at equilibrium in a given environ-
ment is assumed to follow the Monod model with two sub-
strates: glucose and oxygen.
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In Eqs. 13 and 14, la
i is the minimum of li and l*. Cells

whose growth rate li is greater than l* cannot grow at their
specific growth rate because they are limited by the avail-
ability of the substrate and can only achieve l*. In contrast,
cells whose specific growth rate is smaller than l* are able
to grow at their own specific growth rate li. More detailed
explanations can be found in Ref. 24.

Problem Set Up and Resolution Strategy

Time scale analysis

The quantification of the various time scales was used to
set the operating conditions; they are reported in Table 2.
The mixing time scale in a turbulent stirred tank has been
estimated by Nienow31

tm5
5:9

N

1

Np
1=3
0

 !
T

D

� �2

(16)

Considering our scale-up procedure (same volumetric
power draw), the impeller rotation speed N is smaller at the
large scale than at the small scale. This led to a mixing time
five times longer. A more relevant time scale to consider
here is the circulation time which is a fraction (1/5) of the
mixing time.

The characteristic time associated with oxygen mass trans-
fer, ttr, is taken as the inverse of kLa.6 The time scale of the
substrate assimilation, tS, is determined from the volumetric
average concentrations (noted<>) as

tS5
hSi

lmax YSX :hXi
(17)

The time scale associated with the biomass growth, tX, is
taken as the inverse of lmax.

The last time scale to consider is the time scale of biologi-
cal adaptation, Ta. This time scale defines how fast the popu-
lation adapts in response to a change in the concentrations.
Two values will be considered: one large compared to the
circulation time and the other similar to the circulation time.

It is important to observe that the time scale for growth
and that for substrate consumption are different, the latter
being dependent on the amount of microorganisms. Thus, it
decreases during the course of a fed-batch fermentation. In
that sense, aiming at maximum productivity always pushes
the fermentation towards a more severe competition between
mixing and reaction. Since the time scale for growth is
much larger than all the other time scales, it is reasonable to
neglect cell multiplication and perform simulations with a
constant biomass concentration. Considering cell multiplica-
tion would require in a continuous change in the feed rate

further leading to continuous changes in the concentration
gradients and in the concentration of biomass. Inversely,
keeping the biomass concentration constant allow the exami-
nation of the sole effect of the adaptation dynamics on the
heterogeneity of the biological phase in a stationary concen-
tration field. Anyway, considering cell multiplication is pos-
sible in the modeling approach proposed as shown in a
previous paper.24

Operating conditions

The same average concentrations (for substrate and bio-
mass) were used at both scales. These concentrations were
chosen so that mixing is faster than reaction at the small
scale and competes with reaction at the large scale. The bio-
mass concentration is constant and set to X 5 10 g L21. The
results presented thus correspond to a snapshot of a fed-
batch culture when X(t) 5 10 g L21 or a continuous culture
at the same biomass concentration.

The last parameter required for the simulation is the sub-
strate feed rate. From a mass balance on the substrate in the
reactor under the assumptions of perfect mixing, homogene-
ous hold-up and no oxygen limitation, one can calculate an
estimation of the specific growth rate noted l1. This vari-
able is further referred as a macroscopic specific growth rate
since it is based on a mass balance at the macroscopic scale
of the reactor.

QS5YSX l1hXi 12hagi
� �

:V ) l1 ffi
QS

YSX 12hagi
� �

hXiV
(18)

In order to produce large-scale gradients, the substrate
concentration was chosen to be low on average and the
value of QS was set according to the previous equation in
order to reach a ratio l/lmax roughly equal to 0.5, that is,
<S> ffi KS. The inlet oxygen concentration in the gas phase
was chosen in order to avoid limitations, set to 800 and 900
mg L21 for the 70 L and 70 m3 reactors, respectively. As a
result of our choices, the 70 L reactor is expected to be
homogeneous (since tm	ts) whereas substrate concentration
gradients should appear in the large scale reactor (for
tm> ts). Simulations at two different scales thus only differ
by the size of the reactor. In any situation, growth is not
taken into account because the time scale for growth is
much longer than the others. At the large scale, two injection
point locations will be considered: one at the top of the reac-
tor and one near the impeller.

Solution strategy

Single phase simulations are first run in steady mode.
Then the injection of gas is added to the model and the
Euler-Euler simulations are performed. The converged veloc-
ity and turbulence fields previously calculated are used as
initial conditions. The 3D bubbly flow in a stirred tank is

Table 2. Characteristic Time Scales in the Two Bioreactors

70 L 70 m3

Mixing time (s) 5 24
Circulation time (s) 1 5
Transfer time (s) 7.2 7.2
Substrate consumption time (s) 15 15
Growth time (s) 3600 3600
Adaptation time (growth) (s) 4000 4000
Adaptation time (uptake) (s) 40 40

Table 3. Parameters for the Comparison with Bombac’s

Experiments

70 L 70 m3 Figure 5a Figure 5b Figure 5c

D (m) 0.15 1.5 0.15 0.15 0.15
Qg (m3 s21) 0.0008 0.08 0.0006 0.0017 0.0017
N (s21) 7 1.5 6.27 6.27 6.27
FlG (-) 0.034 0.016 0.026 0.079 0.112
Fr (-) 0.75 0.34 0.6 0.6 0.3
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mostly unstable, especially, at the large scale because
density-gradient-induced flow patterns are present.43 There-
fore, convergence of steady state simulations is difficult to
achieve. Two phase flow simulations without reaction were
conducted in the unsteady mode. The simulations were run
in double precision with the segregated implicit solver. The
temporal discretization scheme was 1st order implicit.
Beyond numerical convergence based on residuals (<1025),
three different physical convergence criteria were chosen to
assess the accuracy of the solution: a constant torque on the
impeller, a constant mean gas hold-up and a constant vertical
gas flow rate through a series of cross sections located at dif-
ferent heights. As shown in Figure 2, simulations were run
until an identical value is found in each section. Once the
turbulent two-phase flow is obtained, the velocities (in both
phases), turbulence and volume fraction fields are frozen.
PBEs for microbial adaptation dynamics and those for the
scalar concentrations are incorporated in the model. Glucose

feed, oxygen mass transfer, glucose and oxygen consump-
tions due to biological reactions are now considered: two-
phase mass transfer, scalar transport, biological reactions,
and biological adaptation are treated altogether. In this con-
text, the interactions between mixing, transfer, and reaction
will determine the results. Initially, cells are homogeneously
distributed in the 10 classes of the population balance model.
Steady state simulations are run until numerical and physical
convergence criteria are satisfied. The latter will be pre-
sented in detail in the next section. Source and sink terms
for substrate, oxygen and biomass concentration as well as
mass transfer terms were added to the CFD code through
Used Defined Functions.

In this work two asymptotic cases (slow adaptation and fast
adaptation) are studied. This was done consecutively as
explained hereafter. To begin with, the population balance
model is run with e corresponding to the specific growth rate.
Once a steady state is reached, a vector {Xi}l as well as the
concentration fields of all substrates in the gas and liquid
phases are obtained. The vector {Xi}l defines the local value of
the population specific growth rate lpop. A full two-way cou-
pling for a slow biological phenomenon is thus completed.
Then, the corresponding substrate and oxygen concentrations
fields are frozen and a fast responding population is transported
in that heterogeneous concentration field. This allows the
examination of the consequences of a realistic heterogeneous
concentration field on the production of heterogeneities within
a population of cells (whom growth rate is known) when the
characteristic time of the biological adaptation is small.

Results

Hydrodynamics

As already mentioned, an intensive validation of the numeri-
cal results and an assessment of Reynolds Averaged Navier-
Stokes equation (RANS) vs. LES simulations have been previ-
ously published.25 The contours of velocity magnitude plotted
on a vertical plane are reported in Figure 3, for the 70 L (left)
and the 70 m3 (right) reactors, respectively. Note that the color
ranges are different. The simulated flow fields appear to be in
reasonable agreement with expectations.30 At both scales, recir-
culation loops are observed above and below the stirrer. The
reactor is divided into two zones by the jet stream generated by
the Rushton turbine. Because of geometry scale-up at the same
specific power input velocity maps are very similar.

In the case of aerated systems, the power consumption is
lower than in unaerated systems (P0) due to the presence of
cavities behind the blades.44 In our simulations, the gassed
power consumption (Pg) can be calculated from post proc-
essing the torque on the stirrer. The results, reported in
Table 4, show that the relative power demand (Pg/P0) for the

Figure 2. Vertical gas flow rate at different heights (z5
0.1 m, z 5 0.25 m, z 5 0.35 m and z 5 0.44 m)
in the 70L reactor.

Figure 3. Contours of velocity magnitude (in m.s21) in a
vertical plane (left 70 L, right 70 m3).

Note the different scale for each side. [Color figure can

be viewed in the online issue, which is available at

wileyonlinelibrary.com.]

Table 4. Power Draw and Gas Hold-Up

70 m3

70L Top Feed Bottom Feed

Pg/P0

Numerical simulation 0.6 0.96 0.96
Estimated 0.59a 0.83a 0.83a

Gas hold-up eG [%]
Numerical simulation 4.9 4.7 4.7
Gabelle (2012), see eq. 19 4.67 4.67 4.67
Homogeneous regime, see eq. 20 4.5 4.5 4.5

aCalculated by the correlation of Gabelle et al.45
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70-L reactor is equal to 0.6 which closely matches the value
calculated by the correlation recently published by Gabelle
et al.45 For the industrial scale, the ratio Pg/P0 calculated by
the software is slightly higher than that predicted by the cor-
relation. We also note that, in the work of Delafosse,25,26 at
pilot scale and without gas, the numerical value for the tor-
que is in very good accordance with the theoretical value.
These results prove that the mesh is suitable for both scales
and that the local shear stress around the impeller is accu-
rately calculated in a two-phase system also.

A mass balance in homogeneous regime gives an estimate
of the average gas-hold up, <ag>, by dividing the gas flow

rate by the gas slip velocity G times the cross section, S. A
value of 4.5% is found with this method.

hagi5
Qg

SG
(19)

In Table 4, gas hold-up predicted by the simulation is com-
pared with values calculated through the expression above
under the assumption that bubbles rise at G 5 0.113 m s21

(terminal rise velocity calculated by Schiller and Naumman’s
correlation for the drag coefficient). The results are also in
good agreement with the expected gas hold-up and also com-
pare favorably with the correlation of Whitton and Nienow46

and the following correlation of Gabelle47

hagi56
Pg

V

� �0:32 Qg

S

� �0:49

(20)

At small scale, the mean gas hold-up is slightly higher
than expected because of gas accumulation behind the
blades. As shown in Figure 4, at small scale, some cavities
marked by a gas fraction above 20% appear behind the
blades. Such cavities can be observed in real systems accord-
ing to Bombac et al.48 and Scargiali et al.30 Bubbles are
attracted in low pressure zones. In the simulations, a high
value of gas fraction is calculated in a small volume behind
the blades. This phenomenon is not fully representative of a
real system because, at that gas fraction level, coalescence is
believed to occur and then the bubble slip velocity should
increase. As we have considered a constant bubble diameter
in an Eulerian approach, the model presented in this article
cannot describe the presence of large cavities behind the
blades accurately.

In Figure 5, three experiments of Bombac et al. are
reported. The vessel height and diameter are the same as
those of our 70 L fermentor. The stirrer is placed at one-
fourth of the vessel diameter while, in our simulation, it is
located at one-third (standard reactor). Each experiment cor-
responds to one type of structure (Vortex-Clinging structure,

Figure 4. Gas hold-up distributions in the plane of the
stirrer (left 70 L, right 70 m3).

The same colour scale applies for both sides. [Color fig-

ure can be viewed in the online issue, which is available

at wileyonlinelibrary.com.]

Figure 5. Gas-hold-up distributions from Bombac et al.46
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small “3-3” structure (S33) or large “3-3” structures (L33)).
Operating conditions are reported in Table 3. Using a ratio
of one-fourth of the vessel diameter (instead of one third),
Bombac showed that the ungassed zone below the impeller
was reduced remarkably in all hydrodynamic regimes. Then,
in fully established recirculation, all measured structures
were detected at lower flow numbers than those predicted by
correlations found in the literature. Bearing this in mind, our
CFD simulations (Figure 6) are qualitatively in good agree-
ment with Bombac’s experiments examined in terms of gas
hold-up contours and cavity structures. Figure 6 also shows
that the large-scale reactor is more homogeneous in terms of
gas hold-up than the small one. In the latter case, the gas
hold-up below the impeller is indeed higher than the average

value. This can be explained by the presence of a loop in
the sparger zone where bubbles can be trapped.

Reacting species: Two-way coupled simulations

Slow biological process. This part focuses on the results
obtained with a population balance model using the specific
growth rate as the discriminating parameter between individ-
uals (e
li in Eq. 11). The characteristic time Ta associated
to the specific growth rate adaptation is long compared to
the mixing time; specific growth rate adaptation is a slow
process. For each class in the PBM, the driving force of
adaptation is the difference between the specific growth rate
at equilibrium l* (based on the concentrations in the liquid
phase) and the specific growth rate li of that class. The
results are presented in Table 5. All the mass balances are
accurately satisfied since relative errors are very small. At
large scale with top feed injection, the difference between
the oxygen consumption and the oxygen transfer is well bal-
anced (around 4.58%). The overall substrate consumption
rate also closely matches the feed rate (0.16%). Note that the
oxygen concentration is everywhere much larger than Ko2

(0.1 mg L21) and it has therefore almost no impact on the
calculation of the local specific growth rates. On the con-
trary, the sugar concentration field is spatially heterogeneous.

The difference between C(<S>) and <C(S)> is first used
to identify the presence of concentration gradients in the
reactor. The C function defined in Table 5. It can be seen
that perfect homogeneity is obtained at the small scale
whereas some heterogeneities exist at the large scale. It
could be thought that the difference as small as 4 3 1023

between C(<S>) and <C(S)> is within the numerical
uncertainty but it is not (in fact a difference of 1026 is
reached in the 70L bioreactor). However, the hyperbolic
form of the C function and the volume integration dampen
the effects of gradients. Another way to inspect the concen-
tration gradients is to look at the substrate volume distribu-
tions. These are plotted in Figure 7 for the top feed point
and the bottom feed point. Since the average sugar concen-
tration is different in each case, the centered variable S-<S>
is considered. The difference between the two reactor
designs lies in the presence of relatively higher sugar

Figure 6. Gas hold-up distributions in a vertical plane
(left 70 L, right 70 m3).

The same colour scale applies for both sides. [Color fig-

ure can be viewed in the online issue, which is available

at wileyonlinelibrary.com.]

Table 5. Numerical Simulation Results for the Lab-Scale and

Industrial Scale Bioreactors

70 L

70 m3

Top
Feed

Bottom
Feed

QS (kg h21) 0.319 355.4 318.9

R Sð Þ5
ððð

V

rSdv kg h 21ð Þ 0.324 354.8 318.5

T O2ð Þðsee AppendixÞ kg h 21ð Þ 0.325 338.5 312.8

(R(S)-T(O2))/R(S) (%) 20.11 4.58 1.80
(QS-R(S))/QS (%) 21.41 0.16 0.10
<S> (mg L21) 48.4 67.8 53.0
<O2,liq> (mg L21) 14.5 3.55 3.52
<O2,gas> (mg L21) 799 438 413
C(<S>) 5 <S>/KS1<S> 0.492 0.569 0.514
<C(S)>5<S/KS1S> 0.492 0.575 0.510
C(<O2,liq>) 5 <O2,liq>/KO21<O2,liq> 0.993 0.972 0.972
<C(O2,liq)> 5 <O2,liq/KO21O2,liq> 0.993 0.973 0.972
l1/lmax 0.480 0.527 0.472
l/lmax 5 f(<S>,<O2,liq>) 0.488 0.560 0.500
<l*>/lmax5 <f(S,O2,liq)> 0.488 0.553 0.496
<lpop>/lmax 0.487 0.526 0.472

Figure 7. Volume distributions of the centred substrate
concentration S-<S> in the 70 m3 bioreac-
tors.

Continuous line: bottom feed point. Dashed line: top

feed point
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concentration with the top feed injection. This can only be
appreciated using logarithmic coordinates for the y-axis
because the zone of elevated concentrations only represents
a small fraction of the total volume. As expected, better
homogenization is achieved if the substrate is fed in the dis-
charge of the impeller where the local energy dissipation is
more important.49 Accordingly, the variance of the centered
concentration distribution is 0.04 for a feed point located in
the discharge of the impeller, whereas it goes up to 0.11
with a feed point in the upper part of the reactor. Thus, the
volume distributions pV(S-<S>) clearly indicate that posi-
tioning the feed point near the impeller reduces the substrate
gradients in the bioreactor. This design should therefore rep-
resent a better option if cells are highly sensitive to concen-
tration fluctuations.

The impact of substrate gradients can be appreciated in
Figure 8 where the contours of the ratios l*/lmax are plotted
on two vertical and one horizontal planes. The concentration
gradients induce spatial variations of the local equilibrium
specific growth rate l*. Near the injection point, the local
specific growth rate (l*/lmax 5 0.9 for the top feed, l*/
lmax 5 0.83 for the bottom feed) is almost twice the average

value in the reactor (<l*>/lmax 5 0.5). However the field of
l* constitutes a static vision for these graphs show the local
values of the specific growth rate that could be reached
owing to the local concentrations if the residence time of the
microorganism at each location was infinitely long. Should
these local values of l* be used to calculate the bioreaction
rates, one would assume that cells are instantaneously at
equilibrium with their environment: adapted and able to
grow at the rate defined by the local concentrations. A more
realistic vision must include the dynamics of both the flow
and the biological adaptation.

In our dynamic modeling approach, a time constant
Ta �1/lmax 5 4000 s for the specific growth rate adaptation
to the local concentration was introduced. The resulting pop-
ulation state vector is the same in each zone of the reactor:
the normalized volume distributions pV are delta functions
(d(Xi-<Xi>) as it can be seen in Figure 9a. Whatever the
elementary volume picked in the reactor, Xi5<Xi> and the
sum of all the elementary volume where Xi 5<Xi> equals
the total volume of the reactor (pV 5 1). Thus, the spatial
heterogeneities of the substrate concentration fields result
in no heterogeneity in the population specific growth rate.

Figure 8. Contours of m*/mmax in the 70 m3 bioreactor.

Top feed (left). Bottom feed (right). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 9. Normalized volume distributions of X4 (white), X5 (grey) and X6 (black) in the 70 m3 bioreactor with top
feed point: (a) growth rate, (b) uptake rate.
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The spatial variations of the local specific growth rate l* are
actually filtered by the population of microorganisms since
the characteristic time of the specific growth rate adaptation
Ta is much larger than the circulation time (comparable to
the mixing time in Table 2). In other words, cell will visit
the entire reactor by the time they adapt and the resulting
population specific growth rate is the integrated consequence
of all the concentration along the trajectories5 (concentration
value and time exposure to the latter).

Now one can examine the population specific growth rate
distribution. Figure 10 shows this normalized distribution Xi/
XT as a function of the ratio l/lmax in the 70 m3 bioreactors
with top feed (a) and bottom feed (b) injection. The CFD
based distributions in the heterogeneous bioreactors are col-
ored in black. The total population is distributed in the l-
space and the resulting vector {Xi}l allow the calculation of
lpop

lpop 5
1

XT

�
X

i

liXi (21)

The grey bars correspond to the distributions that would
be obtained in a homogeneous reactor with the same S and
O2 average concentrations. In the 70 m3 bioreactor with bot-
tom feed, the ratio l/lmax 5 f(<S>,<O2,liq>) 5 0.5 (see
Table 5). In the homogeneous case, the whole population
would lie in the 5th class (see Figure 10b). Under the same
hypothesis, in the 70 m3 bioreactor with top feed, the ratio
l/lmax 5 f(<S>,<O2,liq>) would be 0.56 and the population
be distributed in the two classes surrounding this value: 40%
in class #5 (l/lmax 5 0.5) and 60% in class #6 (l/lmax 5 0.6)
(see Figure 10a). The actual distributions (in black) reflect
the combined effects of substrate concentration fields and
local residence times on the production of heterogeneity
within the population. One concludes that if the time con-
stant of biological adaptation is much larger than the circula-
tion time, the population averaged specific rate of the
corresponding biological process is independent of the spa-
tial location. However, a distribution of the specific rates
exists within the population.

Fast biological process. Now let us consider a biological
process with a characteristic time comparable to the circula-
tion time, say 40 s in the 70 m3 reactor. In order to study
this situation, the population model is run with Ta 5 40 s and
the variable e now stands for the specific rate (e
ri in Eq.

11) of another biological phenomenon. An example of such
a phenomenon is the dynamics of the substrate uptake.50

Thus, the vector {Xi}r is now used to compute the local
value of the population specific uptake rate, rpop. It is still
assumed that the uptake rate at equilibrium is related to the
substrate concentration in the liquid phase through an alge-
braic equation such as Eq. 15, that is, r*5f(S). Since the
characteristic time is similar to the circulation time, stronger
interaction exists between the substrate concentration distri-
bution and the local values of the specific uptake rate. How-
ever, the dynamics of the uptake system is not infinitely fast.
As a consequence, the uptake rate at a given location cannot
be deduced from the local concentrations only. Here again, it
results from the dynamic interaction between the concentra-
tion field, the local residence time and the dynamics of the
uptake system itself. It is illustrated in Figure 9b where the
volume distribution of the components of vector {Xi}r differ
from delta functions. This means that the population uptake
rate is now dependent on the location. Thus, if the time con-
stant of biological adaptation is similar to the mixing time,
the population state is different in each zone of the reactor.
The gradient of substrate in the liquid phase results in signif-
icant heterogeneities in the biological population.

Discussion

Using a biological dynamic model with a large time con-
stant, we found that the population specific growth rate
(computed from {Xi}l) is different from the local equilib-
rium values l*. This is a very important feature of this
dynamic modeling approach. Indeed, if one calculates the
specific growth rate as the local growth rate l*, one actually
assumes that the population instantaneously adapts its behav-
ior to the local concentrations. This unjustified assumption is
generally made in the CFD simulation of bioreactors. On the
contrary, our dynamic approach predicts that the population
specific growth rate lpop can be different from the local
growth rate l*, that is, decoupled from the local concentra-
tions as observed in many experimental situations.12,51,52 It
can be seen in Table 5 that <lpop>, l and <l*> differ at
the large scale whereas they are identical in the lab-scale
homogeneous bioreactor. It is observed that

i. The overall substrate consumption exactly matches the
amount of substrate poured into the reactor. Only in
this situation it is possible to estimate the average

Figure 10. Normalized distribution of the cell population in the m-space in the 70 m3 bioreactors.

CFD simulated distribution at the large scale: black. Theoretical distributions based on perfectly mixed hypothesis: grey.
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growth rate of the population <lpop> from a mass bal-
ance on the entire reactor (Eq. 18)

ii. <lpop> is smaller than l*: for a given heterogeneous
concentration field, the real population growth rate is
always smaller than the value obtained assuming local
equilibrium. This equilibrium value can only be
reached in a perfectly mixed reactor.

The differences increase with the heterogeneity of the con-
centration field. These results show that the population spe-
cific growth rate cannot be accurately calculated from the
volume average concentrations or by averaging the local
growth rates. These two approaches would overestimate the
actual specific growth rate. Nevertheless, if need be, these
constitute a fairly good approximation (error< 5%).

Although the consequences on average are very small,
<l*> and <lpop> are very similar and only discernible
numerically, it is remarkable to observe that the discrepan-
cies between lpop and l* can be locally significant. Even if
the local differences between equilibrium value and popula-
tion growth rate can be positive or negative, the average spe-
cific growth rate value on the whole reactor is systematically
lower than equilibrium value. The contours of the difference
between these two quantities, l*- lpop, are presented in Fig-
ure 11. The same color map is used for the two bioreactor
designs, so it is clearly visible that, from the microorgan-
isms’ point of view, the reactor on the left (top feed injec-
tion point) is much more heterogeneous than the reactor on
the right. Positive and negative difference zones are discerni-
ble. In a perfectly mixed reactor, the difference would be
null everywhere.

Negative values indicate that a fraction of the population
is facing a suboptimal environment. In these zones, the
growth capacity of some cells is not fully exploited because
the local concentrations are limiting. On the contrary, posi-
tive values indicate that the population is growing at a spe-
cific rate which is lower than the value that could be reached
at equilibrium owing to the local concentrations. This sug-
gests that the population is exposed to an excess of nutrient
with respect to its own needs (for growth). The interesting
point is that the local concentrations are not necessarily lim-
iting concentrations in the classical sense. In our approach,

the concept of limitation (or excess) now becomes relative to
the population state, related to the difference l*-lpop. It can
be a good objective from an industrial point of view to mini-
mize this difference in large scale bioreactors. Note that it
increases with the biomass concentration and decreases with
the agitation speed.

A further step in the analysis of the results is proposed
through the examination of the difference between the popula-
tion uptake rate and the population growth rate. Indeed, it was
shown that under limiting conditions (S<KS in this case), the
uptake rate is decoupled from the growth rate.51,53,54 This is
particularly the case when microorganisms are repeatedly
exposed to high and low substrate concentrations, as it is the
case here in a heterogeneous bioreactor. At equilibrium, these
two rates are equal: the uptake rate matches the cell needs. A
difference between the two indicates that the microorganisms
are “out of equilibrium.” The contours of the difference rpop-
lpop are presented in Figure 12. In this figure lpop is com-
puted from the stored vectors {Xi}l obtained in the previous
simulations (with a large value for Ta). Note that the differ-
ence rpop-lpop is non-zero because the two biological phenom-
ena obey different dynamics.

On the one hand, in zones where rpop-lpop is positive, the
amount of sugar assimilated exceeds the cells’ needs for
growth. This extra assimilation might lead to overflow
metabolism and by-products formation. On the other hand,
in zones where the difference is negative, the substrate
demand for growth is not satisfied and alternative carbon
sources may be used to complement the cell needs. These
could correspond to by-products reassimilation zones.5

Assuming that the perturbation on cell metabolism is related
to the maximum value of the difference rpop-lpop and
observing that this difference is larger for the top feed injec-
tion, one can presume that bottom injection is less detrimen-
tal to the cells. So it is found that the feed point location
may have an effect on the population behavior whilst leaving
the overall uptake rate unchanged as experimentally
observed by Namdev et al.55

To conclude it is remarkable that the computed rpop values
are lower than l* in the highly concentrated zones. It means
that the amount of sugar assimilated will not be as important

Figure 11. Contours of the difference m*-mpop: specific growth rate computed from the local concentrations minus
population specific growth rate.

Top feed (left). Bottom feed (right). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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as what is predicted when the local concentrations are used to
compute the assimilation rate. This is quite interesting since it
was pointed out that despite the use of CFD and metabolic
model the substrate assimilation was generally over-estimated
and the by-product formation under-estimated.5,15 A possible
explanation for this is that uptake and growth rates were cal-
culated under the equilibrium assumption (from the local con-
centrations). In this context, the proposed population balance
model that decouples the uptake rate from both the local con-
centrations and the specific growth rate constitutes a rational
basis for the study of mixing issues in bioreactors. This shows
that the proposition of the “out of equilibrium” concept makes
sense here. In turn this works suggests that the limitation by
the substrate may be considered as relative to the cell needs
and not in an absolute way.

Conclusion

In this work, a development of CFD modeling including a
population balance model for the biological phase has been
successfully applied to 70 L and 70 m3 fermentors. The
scale-up, at fixed volumetric power draw, resulted in the for-
mation of substrate and oxygen gradients at the largest scale
due to the competition between mixing, transfer and reaction
time scales. An unstructured kinetic model used with the
CFD simulation furnishes quantitative data on what changes
can be expected during the scale-up procedure. In the large-
scale bioreactors, cells are exposed to concentration gra-
dients which arise when the time scale of the reaction (typi-
cally substrate uptake) and the time scale of mixing are of
the same order. The consequences of these gradients are
investigated using a population balance model describing
cell adaptation. Two dynamics corresponding to cell growth
and substrate uptake were studied. It was found that growth,
as a slow process, was essentially sensitive to the volume
average concentrations whereas substrate assimilation, as a
fast process, is more sensitive to the spatial distribution of
the substrates. In any case, the biological phase is found to
be “out of equilibrium” with the liquid phase, meaning that
the biological rates are not algebraically linked to the local
concentrations. This advanced modeling was used to analyze

and compare two bioreactors design. The local differences
between the uptake rate and the growth rate induced by sub-
strate concentration heterogeneities were used to quantify
consequences of imperfect mixing on bioreactions.

Notation

a = interfacial area, m21

dB = bubble diameter, m
Dl = liquid molecular diffusivity, m2 s21

Dn = particle diffusivity, m2 s21

kl = liquid side mass transfer coefficient, m s21

k = turbulent kinetic energy, m2 s22

kla = mass transfer coefficient, s21

KS = inhibition constant for the substrate, g L21

Ko2
= inhibition constant for the oxygen, g L21

Np = power number
N = rotational speed, s21

O�2 = local saturation concentration, g L21

Pg = gassed power input, W
P0 = ungassed power input, W

pv(X) = volume of liquid at concentration X divided by the total volume
Qg = gas flow rate, m3 s21

rS = reaction rate for substrate, g s21 L21

ro2
= reaction rate for oxygen, g s21 L21

S = local substrate concentration (glucose), g L21

T = tank diameter, m
Ta = biological adaptation time constant
tm = mixing time, s
ttr = transfer time, s
tS = reaction time (for the substrate), s
tX = reaction time (for the biomass), s
uR = local relative mean velocity, m s21

Us = superficial velocity, m s21

V = tank volume, m3

Vinj = Volume of the sugar injection zone, m3

YSX = Yield coefficient, gram of S consumed by gram of X formed
X = cell concentration, g L21

Greek letters

ag = gas volume fraction
e = dissipation rate of the turbulent kinetic energy, m2 s23

l = local specific growth rate, s21

l1 = macroscopic specific growth rate, s21

lmax = maximum specific growth rate, s21

r = surface tension, N m21

Figure 12. Contours of the difference rpop-mpop: specific uptake rate minus population specific growth rate.

Top feed (left). Bottom feed (right). [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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48. Bombač A, �Zun I, Filipič B, �Zumer M. Gas-filled cavity structures
and local void fraction distribution in aerated stirred vessel. AIChE
J. 1997;43(11):2921–2931.

AIChE Journal January 2014 Vol. 60, No. 1 Published on behalf of the AIChE DOI 10.1002/aic 39



49. Baldyga J, Bourne JR. Turbulent Mixing and Chemical Reactions.
Chichester: Wiley, 2003.

50. Chassagnole C, Noisommit-Rizzi N, Schmid JW, Mauch K, Reuss
M. Dynamic modeling of the central carbon metabolism of Esche-
richia coli. Biotechnol Bioeng. 2002;79(1):53–73.

51. Natarajan A, Srienc F. Glucose uptake rates of single E. coli cells
grown in glucose-limited chemostat cultures. J Microbiol Methods.
2000;42(1):87–96.

52. Leegwater MPM, Neijssel OM, Tempest DW. Aspects of microbial
physiology in relation to process control. J Chem Technol Biotech-
nol. 1982;32(1):92–99.

53. Lin YH, Neubauer P. Influence of controlled glucose oscillations on
a fed-batch process of recombinant Escherichia coli. J Biotechnol.
2000;79(1):27–37.

54. Lendenmann U, Egli T. Kinetic models for the growth of Esche-
richia coli with mixtures of sugars under carbon-limited conditions.
Biotechnol Bioeng. 1998;59(1):99–107.

55. Namdev PK, Thompson BG, Gray MR. Effect of feed zone in fed-
batch fermentations of Saccharomyces cerevisiae. Biotechnol Bioeng.
1992;40(2):235–246.

Appendix

Convergence

Judging convergence is particularly difficult in this type of CFD

simulation consisting of coupled momentum, mass transfer and

reaction equations in a closed vessel. Beyond the numerical cri-

terion, a suitable way to assess the quality of the simulation is

to check mass balances manually. In this work, the check was

carried out by writing an additional User Defined Subroutine in

FluentVR . The volume integral of local mass transfer and local

reaction terms were computed. These integrals were further

compared to the global mass balance at the reactor scale. As for

the substrate, the integral of the source term is compared to the

integral of the sink term due to the biological reaction in the liq-

uid phase. ððð
V

qQV Sð Þdv5

ððð
V

rSdv (A1)

Because of the stoichiometry of the biological reaction, one

gram of oxygen consumed par gram of substrate, the coupling

between reaction and gas-liquid mass transfer is also verified by

checking that the mass flux of oxygen transferred to the liquid,

T(O2), equals the amount of substrate, R(S), consumed by the

reaction per unit of time

ððð
V

rSdv

|fflfflfflfflffl{zfflfflfflfflffl}
RðSÞ

5

ððð
V

kl:
6eG

dB
:ðm:O2;gas2O2;liqÞdv

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
TðO2Þ

(A2)

Assessing the simulations

It was explained that the operating conditions are such that sub-

strate concentration gradients will be present in the large scale

bioreactor. It is interesting to build global variables which can

possibly reflect the consequences at the reactor scale:

� macroscopic specific growth rate, l1, computed from
the mass balance on the substrate assuming perfect mix-
ing, homogeneous gas dispersion and no oxygen limita-
tion (see Eq. 18 for the definition)

� growth rate, l, based on the volume average concentra-
tions (noted<>)

l5lmax

hSi
KS1hSi :

hO2;liq i
KO2

1hO2;liq i
5lmax C hSið Þ:C hO2;liq i

� �
(A3)

It is also interesting to average local variables to reflect the inte-

gral consequences at the reactor scale

� <l*>: volume average of the local specific growth rates

hl�i5
�

lmax

S

KS1S
:

O2;liq

KO2
1O2;liq

	
5lmax



C Sð Þ:C O2;liq

� ��
(A4)

� <lpop>: volume average of the local population spe-
cific growth rate as defined in Eq. 21. This value
reflects the two-way coupling and appears in bold in
Table 5

In the case of a perfectly mixed reactor, <l*> and l are equal.

If the gas hold-up is also homogeneous, one have l15 <l*>
since le local gas hold-up has no longer any effect on the vol-

ume averaging. In any other situation, with imperfect mixing

and/or heterogeneous gas phase distribution, <l*>, l, l1
should be different. This is due to the nonlinearity of the rela-

tionship between the specific growth rate and the substrates

concentrations.

Manuscript received Nov. 15, 2012, revision received July 23, 2013, and final
revision received Sept. 16, 2013.

40 DOI 10.1002/aic Published on behalf of the AIChE January 2014 Vol. 60, No. 1 AIChE Journal


	l
	l
	l
	l
	l
	l
	l

