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A B S T R A C T

Scaling up bioprocesses remains challenging due to the partially unpredictable and suboptimal behavior of
microbes during scale transition. Mathematical modelling serves as a valuable tool in navigating these chal-
lenges. In this study, we developed and validated a kinetic model based on the tank-in-series approach for a novel
bioprocess known as oxygen-balanced mixotrophy with the microalga Galdieria sulphuraria. This model aims to
facilitate the design of an effective glucose feeding control strategy tailored for two-phase tubular photo-
bioreactors (TPBRs). The residence time distribution of our reference reactor was investigated by means of a
tracer experiment. Qualitative analysis of the results indicated that our system was optimally represented by
simulations with a 100 stirred-tank reactors (STRs).

The controlled variable, oxygen concentration in the gas phase, showed a downward trend in simulations with
simplified conditions: fixed oxygen production and balanced glucose supply. The decrease was caused by
dominant net heterotrophic activity and accumulation of CO2 in the gas phase. Different configurations of a
proportional-integral-derivative (PID) controller were designed by means of the ultimate gain method and
compared under these simplified conditions. The most effective PID controller was implemented and refined in
simulations with outdoor weather conditions. The model was validated successfully by simulating over time in a
lab-scale STR the spatial fluctuations happening in a TPBR. The empirical oxygen consumption and production
were faster and steeper than in the model, probably due to inaccuracies in parameter estimation or biomass
adaptation.

1. Introduction

The bioeconomy has emerged as a path for sustainable development
that shifts away from conventional fossil fuel industry [1]. In this sense,
there is a growing demand for large-scale bioprocesses that can
economically meet the diverse needs of various markets [2]. However,
transitioning from lab-scale developments to industrial-scale production
has encountered several challenges, primarily due to the loss of product
yield and productivity during scale-up [3,4]. These unwanted effects are
a consequence of the complex interplay of physical, chemical and bio-
logical phenomena inherent to bioprocesses and have yet to be fully
untangled. One effective strategy to bridge this gap comes from the
development of computer-aided mathematical models [5]. The inte-
gration of these models can significantly enhance the scale-up design,
automation and control of biotechnological processes, aligning the field
more closely to the well-established practices in chemical engineering.

Microalgal bioprocesses have received special attention due to lack
of arable land requirements, high areal productivities in comparison to
traditional plant crops and rich biomass composition [6]. Despite these
interesting features, modelling autotrophic processes introduces an
additional layer of complexity compared to heterotrophic cultivation
due to cell interaction with light and other environmental factors [7].
Although numerous approaches have been proposed to address these
challenges, applications for advanced scale-up tasks remain limited.
Most control efforts have focused on pH regulation by CO2 injection to
improve CO2 uptake efficiency [8,9,10]. Some studies have also focused
on controlling biomass concentration to optimize productivity [11].

Recently, we have developed a new type of microalgal process
denominated oxygen-balanced mixotrophy (OBM) using the poly-
extremophilic species Galdieria sulphuraria [12,13]. OBM combines
autotrophic and heterotrophic growth in a balanced manner through
careful regulation of the organic carbon substrate supply. This
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adjustment ensures the stability of dissolved oxygen (DO) in the medium
by harmonizing heterotrophic oxygen consumption and photosynthetic
oxygen production, which results in intracellular gas recycling. The
advantages of this novel process include the possibility of running a
reactor without any gas exchange during daylight hours, achieving a
high biomass yield on substrate and improve autotrophic productivity.

OBMwas initially developed in a lab-scale stirred-tank reactor (STR),
where the control of substrate supply is relatively straightforward, as the
system resembles an ideally mixed vessel [14]. On the contrary, sub-
strate feeding in large-scale photobioreactors is more challenging due to
the different mixing patterns associated to volume scale-up. For
example, the most common closed reactor configuration for large-scale
microalgae cultivation are tubular photobioreactors (TPBRs), charac-
terized by plug flow behavior [15]. Fluctuations in substrate or other
critical compounds such as O2 lead to suboptimal process performance
and affect the biomass adversely [16]. A well-designed control strategy
is essential, considering that extensive trial-and-error empirical opti-
mization at large scale is time-consuming and prone to failure.

To address this challenge, we propose a novel computational
approach for designing the control of glucose supply in a TPBR. Initially,
we developed a kinetic model of the reactor, using as a reference a TPBR
from our pilot facility AlgaePARC. This TPBR is characterized by a two-
phase wavy-flow in the tubular section without a typical degasser vessel.
The model was based on the simulation of a series of co-current STRs
that mimic plug flow behavior. Subsequently, we used this model to
design and optimize a control strategy for glucose supply that followed
the concentration of O2 in the gas phase. This strategy was based on a
proportional-integral-derivative control algorithm. Finally, the model
and the control in silico were validated in a lab setting by scaling down
the TPBR. Our approach was based on the equivalences between a batch
process and a plug flow reactor.

2. Materials and methods

2.1. Model approach

A mathematical model was developed to describe the behavior of
oxygen-balanced mixotrophy (OBM) in a tubular photobioreactor
(TPBR) using the strain G. sulphuraria ACUF 064. The primary goal was
to design the glucose supply strategy at pilot scale. The model was
constructed based on the plug flow behavior that characterizes the
tubular section of TPBRs (i.e. the solar collector). These fluid dynamics
were approximated by a series of ideal stirred-tank reactors (STRs),
commonly referred as the tank-in-series (TIS) model [17]. This model-
ling approach leads to equivalent results as the plug flow dispersion
model (in case of small deviations from plug flow) and presents a
number of advantages. It is simpler to use, more straightforward to
interpret, and can be easily extended for the multiphase flows with
recycle such as the one presented in this study. Furthermore, this model
accounts for the typical delay between the inlet and outlet that is
characteristic of tubular systems, which was measured during the pulse
experiments, described in section 2.3. Pulse input experiment. The delay
implies that a disturbance originating in the tubular section of the
photobioreactor can only be measured when it reaches the position of
the appropriate sensor, after propagating in the tubes. This phenomenon
significantly impacts the selection of the process control strategy,
highlighting the importance of strategies optimized for time-delay sys-
tems. Another crucial aspect is that model simulations focused on a
single daytime period. After sunset, OBM becomes infeasible and aera-
tion is required. Aeration resets the conditions to the same “initial” state
each night. The length of the simulated daytime was based on Dutch
summer, ranging from 14.5 to 16 h depending on the specific simulation.
Throughout these simulations, temperature and pressure were assumed
to be constant at 37 ◦C and standard atmospheric pressure, respectively.

2.2. Flow configuration and dimensions of the simulated TPBR

The dimensions and flowrate configuration of the modelled TPBR
were based on the GemTube MK-1 1500 s TPBR (Lgem, the Netherlands)
located in AlgaePARC, our greenhouse pilot facility (Bennekom, the
Netherlands) (Fig. 1). The system consisted of two symmetrical heli-
coidal tubes of 280-m length with internal diameter of 6.2 cm. Both
helices are connected to a collection vessel which can be considered a
dark volume. We assumed that both helices behave similarly and thus
only one helix was simulated. Moreover, biomass loss in the collection
vessel was neglected as its working volume (50 L) is considerably lower
than the total liquid working volume (1300 L). Mass transfer in the
collection vessel was also neglected as the liquid inside was not sparged.
Instead, gas is injected directly into the tubes at the lowest part of the
helix, which creates a two-phase flow with an elongated bubble regime
that leads to oxygen (O2) and carbon dioxide (CO2) mass transfer along
the tubular section. This aspect was taken into account in the model by
simulating co-current gas and liquid phases in every hypothetical STR.
As in OBM there is no external gas input, the gas phase at the end of the
tube is recycled and serves as input for the first STR. In addition, we
neglected the concentration gradients in the gas and the liquid phase in
the radial direction of the tube and ideal behavior of the gas phase.

2.3. Pulse input experiment

The residence-time distribution (RTD) of the reference TPBR was
analyzed by means of a pulse input experiment with HCl as a tracer. The
pulse was manually supplied to the reactor by pouring 500 mL of acid
from a bottle into the collection vessel. The evolution of pH was then
monitored by a pH probe located between the collection vessel and the
split of the reactor helices (Fig. 1). Measurements were taken every 2 s
and the data was logged every minute as the average of the previous 30
measurements. In total, three runs were performed on different days,
one with 1 M HCl and two runs with 2 M of HCl. During the runs the
TPBR was operated with a gas flowrate (FG) of 20 L min− 1 and a liquid
flowrate (FL) of 53 L min− 1 in the helix. Only the first passage of the
tracer pulse was considered for the determination of the RTD. Initially,
the pH signal was converted into proton concentration as a function of
time, C(t). The RTD function E(t) was then subsequently derived as
follows:

E(t) =
C(t)

∫∞
0 C(t)dt

. (1)

2.4. Autotrophic oxygen production

The biomass concentration (Cx, C-molx⋅m− 3) was assumed constant
during the simulated daytime period with the aim of simplifying model
construction. Because of the short time frame simulated, neglecting
biomass increase does not incur a large error. In addition, the volumetric
biomass productivity (rx, C-molx⋅m− 3⋅s− 1) remains constant when Cx
stays within an optimal range under light limited conditions [12]. rx is
the product of Cx and the specific growth rate (µ, s− 1). An increase in Cx
is thus balanced by an equivalent decrease in µ leading to a constant rx.
This implies that the volumetric production and consumption rates of O2
and CO2 are also constant. In this sense, a fixed Cx represents the average
concentration during the simulated time frame. Such Cx and its associ-
ated autotrophic average specific oxygen production (qO,auto, molO2⋅C-
molx− 1⋅s− 1) were estimated from previous empirical data obtained in a
lab-scale STR operated in chemostat with excess CO2 and a volumetric
light supply rate comparable with what it could be expected in a large-
scale TPBR [13] (Table 1). Thus, qO,auto represents the maximum specific
autotrophic oxygen production rate in the model conditions with con-
stant light.
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2.5. Stoichiometric model

Autotrophic CO2 consumption associated to the aforementioned O2
production was determined via the stoichiometric equation of autotro-
phic growth on ammonia. Because the elemental composition of
G. sulphuraria has not been accurately described yet, we used as a
reference the algal biomass elemental composition previously deter-
mined by Kliphuis et al. [18], normalized per C-mol:
CH1.62O0.41N0.14P0.01. Consequently, for the production of 1 C-mol of
biomass the autotrophic stoichiometry results in the following:

0.14 ​ NH+
4 + 0.01 H2PO−

4 + 0.58 H2O+ 1 CO2→CH1.62O0.41N0.14P0.01

+ 1.11 O2 + 0.13 ​ H+.

(2)

Using this equation, the autotrophic yield of fixed CO2 on O2 (YC/O,
molCO2⋅molO2

− 1) was calculated: 0.90 molCO2⋅molO2
− 1. Moreover, hetero-

trophic O2 consumption and CO2 production yields can also be deter-
mined via the stoichiometry of heterotrophic growth on ammonia. For

this, the heterotrophic biomass yield on substrate (Yhetx/s, C-molx⋅C-mols− 1)
must be known (Table 1). This parameter has been previously deter-
mined experimentally for the strain G. sulphuraria ACUF 064 growing on
glucose [12]. Then, the equation becomes as depicted below, normal-
ized for the production of 1 C-mol of biomass:

0.14 ​ NH+
4 + 0.01 H2PO−

4 + 1.69 CH2O

+ 0.59 O2→CH1.62O0.41N0.14P0.01 + 0.69 CO2 + 1.11 H2O+ 0.13 ​ H+.

(3)

As a result, the heterotrophic CO2 yield on sugar (YC/s, molCO2⋅C-mols− 1)
and the heterotrophic O2 yield on sugar (YO/s, molO2⋅C-mols− 1) result in
0.41 molCO2⋅C-mols− 1 and 0.35 molO2⋅C-mols, in the order stated. If the
heterotrophic O2 consumption is made equal to the autotrophic pro-
duction, the stoichiometric equation for OBM can be obtained by adding
Equations (2) and (3). It should be emphasized that this approach as-
sumes that mixotrophic productivity results from the simple addition of
the autotrophic and the heterotrophic metabolisms. The sum results in
the following expression, normalized for the production of 1 C-mol of
biomass:

0.14 ​ NH+
4 + 0.01 H2PO−

4 + 1.11 CH2O→CH1.62O0.41N0.14P0.01

+ 0.11 CO2 + 0.53 H2O+ 0.13 ​ H+. (4)

Because an excess of CO2 is produced in the process, the system requires
to bleed off-gas in order to avoid pressure buildup. The extent of this
bleed flowrate is discussed in the next section, 2.6. Kinetic model. Be-
sides CO2 accumulation, there is also net proton production, which
would result in the acidification of the medium. The model did not ac-
count for base addition because it was assumed that the pH fluctuations
within a single daytime period were negligible. This is because in
practice the system is buffered by the hydrogen sulfate-sulfate
equilibrium.

2.6. Kinetic model

We established mass balances for sugar, O2, CO2 and inert gases over
the gas and liquid phases of every STR to describe the evolution of the
process in the TPBR. The equations include terms that account for
component mass flows entering and leaving the STR, for gas–liquid mass
transfer and for accumulation of the component within the STR volume.
Together with these, autotrophic and heterotrophic production/

Fig. 1. Schematic representation of the reference tubular photobioreactor and the tank-in-series model. The configuration of the reactor is adapted to the tracer
experiment and the oxygen-balanced mixotrophic operation described in the model. The numbers indicate different parts of the system: (1) collection vessel, (2)
liquid recirculation pump, (3) pH probe, (4) glucose injection point, (5) dissolved oxygen probe, (6) tubular section, (7) oxygen in the gas probe, (8) bleed gas, (9) gas
compressor and (10) series of ideal stirred-tank reactors. The dissolved oxygen sensor is placed in the most critical location of the process, right after the substrate
injection point and just before the section at the highest mass transfer rate.

Table 1
Operational, biological and physical parameters used in the model by order of
appearance.

Parameter Value Unit Reference

Cx 4.5 g⋅L− 1 [13]
qO,auto 1.96⋅10− 6 molO2⋅C-molx− 1⋅s− 1 [13]
Yx/s 0.59 C-molx⋅C-mols− 1 [12]
FLin 8.78⋅10− 4 m3⋅s− 1 This study
VL 0.61 m3 This study
CsFEED 200 g⋅L− 1 This study
qsmax 1.15⋅10− 5 C-mols⋅C-molx− 1⋅s− 1 This study
Ks 1.14⋅10− 1 C-mols⋅m− 3 This study
KO 1.13⋅10− 3 molO2⋅m− 3 This study
kOLa 2.42⋅10− 3 s− 1 This study
mO 44.41 − This study
KC 1.00⋅10− 2 C-mol⋅m− 3 This study
FGin 3.33⋅10− 4 m3⋅s− 1 This study
VG 0.24 m3 This study
kCLa 2.21⋅10− 3 s− 1 This study
mC 1.84 − This study
τ 11.92 min This study
εG 0.28 − This study
qO,hetmax 4.08⋅10− 6 molO2⋅C-molx− 1⋅s− 1 This study
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consumption terms were also included based on Monod kinetics. Auto-
trophic activity is made dependent on CO2 concentration and hetero-
trophic activity is made dependent on the availability of O2 and sugar.
Cell maintenance was not considered in the model. The equations cor-
responding to the first and the k-th STR are included in this section. The
value of the operational, physical and biological parameters used in
these equations is stated in Table 1. Starting with sugar, the balances
over the liquid phase go as follows:

dC1
s

dt
=

FinL
VL/N

CN
s +

FFEED
VL/N

CsFEED −
F1
L

VL/N
C1
s − qsmax

C1
s

C1
s + Ks

C1
OL

C1
OL + KO

Cx, (5)

dCk
s

dt
=

Fk− 1
L

VL/N
Ck− 1
s −

FkL
VL
N
Ck
s − qsmax

Ck
s

Ck
s + Ks

Ck
OL

Ck
OL + KO

Cx. (6)

In these expressions, FLin stands for the initial liquid flowrate and FLk− 1 for
the liquid flowrate in the (k-1)-th STR (m3⋅s− 1). VL stands for the total
liquid volume in the TPBR (m3) and CsN and Csk− 1 for the sugar concen-
tration in the N-th and the (k-1)-th STRs (C-mols⋅m3). The second term of
Equation (5) defines the external sugar supply, where FFEED is the
glucose solution feed flowrate (m3⋅s− 1) and CsFEED is the concentration of
glucose in the feed (C-mols⋅m− 3). The latter was chosen at concentration
of 200 g L− 1. In the third term, FL1 and Cs1 are the liquid flowrate (m3⋅s− 1)
and the concentration of sugar (C-mols⋅m− 3) in the first STR, respec-
tively. FLk and Csk represent equivalent magnitudes in the k-th STR.
Finally, the fourth term represents heterotrophic sugar consumption,
where qsmax stands for the maximum specific sugar uptake rate (C-
mols⋅C-molx− 1⋅s− 1). Ks is the half saturation constant for sugar (C-
mols⋅m− 3) and KO denotes the half saturation constant for O2
(molO2⋅m− 3). COL1 and COLk are the concentration of O2 in the liquid in the
first and in the k-th STRs. In regard to O2, mass balances must be
established for both the liquid and gas phases. The first can be con-
structed in the following manner:

dC1
OL

dt
=

FinL
VL/N

CN
OL −

F1
L

VL/N
C1
OL + kOLa

(
C1
OG
mO

− C1
OL

)

+ qO,auto
C1
CL

C1
CL + KC

Cx − qsmax YO/s
C1
s

C1
s + Ks

C1
OL

C1
OL + KO

Cx

(7)

and

dCk
OL

dt
=

Fk− 1
L

VL/N
Ck− 1
OL −

FkL
VL/N

Ck
OL + kOLa

(
Ck
OG
mO

− Ck
OL

)

+ qO,auto
Ck
CL

Ck
CL + KC

Cx − qsmax YO/s
Ck
s

Ck
s + Ks

Ck
OL

Ck
OL + KO

Cx,

(8)

where COLN and COLk− 1 symbolize the O2 concentration in the liquid at the
N-th and the (k-1)-th STRs. The third term of the equations represents
mass transfer between the gas and the liquid phases, where kOLa stands
for the mass transfer coefficient of O2 (s− 1). Also in this term, COG1 and
COGk stand for the O2 concentration in the gas phase in the first and the k-
th STR (mol⋅m− 3) andmO is the partition coefficient of O2. Proceeding to
the O2 production term, qO,auto represents the maximum specific auto-
trophic oxygen production rate (molO2⋅C-molx− 1⋅s− 1), as described pre-
viously in 2.4. Autotrophic oxygen production. CCL1 and CCLk depict CO2
concentrations in the liquid of the first and the k-th STR (molCO2⋅m− 3)
and KC is the half saturation constant for CO2 (molCO2⋅m− 3). The mass
balances of O2 over the gas phase resemble the liquid-phase equations
without the parts related to biological activity:

dC1
OG
dt

=
FinG

VG/N
CN
OG −

F1
G

VG/N
C1
OG − kOLa

(
C1
OG
mO

− C1
OL

)
VL

VG
, (9)

dCk
OG
dt

=
Fk− 1
G

VG/N
Ck− 1
OG −

FkG
VG/N

Ck
OG − kOLa

(
Ck
OG
mO

− Ck
OL

)
VL

VG
. (10)

As per this equation, FGin, FG1 , FGk− 1 and FGk stand for the initial gas flowrate

and the gas flowrates in the first, (k-1)-th and k-th STRs (m3⋅s− 1), in that
order. VG is the total gas volume in the TPBR (m3) and COGN and COGk− 1 are
the O2 concentrations in the gas phase of the N-th and (k-1)-th STRs
(molO2⋅m− 3). The mass balances of CO2 over the liquid and gas phases
were constructed similarly:

dC1
CL

dt
=

FinL
VL/N

CN
CL −

F1
L

VL/N
C1
CL + kCLa

(
C1
CG
mC

− C1
CL

)

− qO2autoYC/O
C1
CL

C1
CL + KC

Cx + qsmax YC/S
C1
S

C1
S + KS

C1
OL

C1
OL + KO

Cx,

(11)

dCk
CL

dt
=

Fk− 1
L

VL/N
Ck− 1
CL −

FkL
VL/N

Ck
CL + kCLa

(
Ck
CG
mC

− Ck
CL

)

− qO,autoYC/O
Ck
CL

Ck
CL + KC

Cx + qsmax YC/S
Ck
S

Ck
S + KS

Ck
OL

Ck
OL + KO

Cx,

(12)

dC1
CG
dt

=
FinG

VG/N
CN
CG −

F1
G

VG/N
C1
CG − kCLa

(
C1
CG
mC

− C1
CL

)
VL

VG
, (13)

dCk
CG
dt

=
Fk− 1
G

VG/N
Ck− 1
CG −

FkG
VG/N

Ck
CG − kCLa

(
Ck
CG
mC

− Ck
CL

)
VL

VG
. (14)

In these expressions, qO,auto represents again the maximum specific
autotrophic oxygen production rate, and CCLk− 1 and CCLN are the concen-
trations of CO2 in the liquid (mol⋅m− 3) of the (k-1)-th and N-th STRs.
Conversely, CCG1 , CCGk , CCGk− 1 and CCGN symbolize the gas concentrations for
first, k-th, (k-1)-th and N-th STRs (mol⋅m− 3). Concerning the mass
transfer term, kCLa represents the mass transfer coefficient of CO2 (s− 1)
and mC the partition coefficient of CO2.

In order to solve all these balances, the initial conditions of the
system must be set. Furthermore, FL and FG have to be determined for
every STR. At the start, the TPBR was considered to be in equilibrium
with air and FFEEDwas 0. The initial flowrates, FLin and FGin, are operational
parameters and were selected as 8.8⋅10− 4 and 3.3⋅10− 4 m3s− 1, respec-
tively. These values are common operating conditions in our reference
TPBR when operating the liquid and the gas pumps simultaneously
(Fig. 1) and were also used for the RTD determination. These flow rates
correspond to a linear velocity of nearly 0.4 m⋅s− 1 for both the liquid and
the gas phase. Thus, a general residence time can be defined (τ, s), which
was measured in a preliminary study (Table 1).

In addition, the effect of hydrostatic pressure on the gas holdup (εG)
was neglected and εGwas considered equal and invariable for every STR.
We also assumed that FL remained constant throughout the TPBR.
However, FG cannot be considered constant because of the stoichiometry
outlined in Equation (4) for OBM. If heterotrophic O2 consumption
equals autotrophic production, there will be a net CO2 production and
off-gas bleeding will become necessary to prevent pressure buildup in
the system. FG1 and FGk can be obtained from a mass balance of all the
gaseous components in the first and k-th STRs, provided that the total
gas concentrations, CTG1 and CTGk are known (mol⋅m− 3). To achieve this,
balances over the inert fraction of the gas phase must be established
beforehand:

dC1
I

dt
=

FinG
VG/N

CN
I −

F1
G

VG/N
C1
I (15)

and

dCk
I

dt
=

Fk− 1
G

VG/N
Ck− 1
I −

FkG
VG/N

Ck
I , (16)

where CI1, CIk, CIk− 1 and CIN are the inert gas concentrations in the first, k-
th, (k-1)-th and N-th STRs (mol⋅m− 3). With these, CTG1 and CTGk can be
calculated:

C1
TG = C1

OG +C1
CG +C1

I , (17)
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Ck
TG = Ck

OG + Ck
CG + Ck

I . (18)

Then, by assuming steady state in the gas phase, we can describe a total
mass balance over this phase and calculate FG1 and FGk :

F1
G =

FinG CN
TG − kOLa

(
C1
OG
mO

− C1
OL

)
VL
N − kCLa

(
C1
CG
mC

− C1
CL

)
VL
N

C1
TG

, (19)

FkG =

Fk− 1
G Ck− 1

TG − kOLa
(

CkOG
mO

− Ck
OL

)
VL
N − kCLa

(
CkCG
mC

− Ck
CL

)
VL
N

Ck
TG

, (20)

and the bleed flowrate (FBLEED, m3⋅s− 1). For this calculation, the gas
flowrate in the N-th STR (FGN, m3⋅s− 1) needs to be determined in advance
following the procedure for FGk :

FBLEED = FNG − FinG . (21)

2.7. Simulation scenarios

In total, we simulated three different scenarios by adjusting O2
production and glucose feeding: (1) simplified conditions with constant
O2 production, (2) clear sky and (3) cloudy weather. For (1) we used the
aforementioned empirical qO,auto (see 2.4. Autotrophic oxygen produc-
tion) and Cx at a constant rate during the simulation. In this scenario,
FFEED was also constant, corresponding to the amount of glucose feed
required by the biomass to achieve OBM. This “stoichiometric” FFEED
was denominated FSFEED (m3⋅s− 1) and was calculated as follows:

FSFEED =
qO,autoCxVL

YO/sCsFEED
. (22)

In scenario (2), qO,auto was converted to a sinusoidal wave to mimic a
clear sky day from sunrise to sunset (Fig. 2). The value of the daily
averaged qO,auto was the same as for scenario (1). Lastly, for scenario (3)
we used photosynthetically active radiation (PAR) data at ground level
from a cloudy day at our reference TPBR location (Bennekom, the
Netherlands). The data was retrieved as global horizontal irradiance
(W⋅m2) from the National Solar Radiation Database (https://nsrdb.nrel.
gov/) and converted into PAR by using a conversion factor of 0.45. The
retrieved data corresponded to the 15th of August of 2019. This day was

selected due to the irregular light pattern exhibited in the PAR data. qO,
auto was derived from these data by normalizing the radiation curve to
the sinusoidal function from scenario (2), assuming a linear relationship
between PAR irradiance and O2 production (Fig. 2). In scenarios (2) and
(3), FFEED was set to 10 % of FSFEED during the first residence time τ and
henceforth adjusted automatically by the control system. In this way,
there is sufficient CO2 generated by heterotrophy to initiate photosyn-
thesis and activate the control strategy. The simulations under simplified
conditions focused on a time frame of 16 h, the maximum daytime
length in the Netherlands. On the other hand, the clear sky and cloudy
weather simulations lasted 14.5 h, which corresponds with the length of
the selected day for scenario (3).

2.8. Controller design

Two types of control strategies based on a proportional-integral-
derivative (PID) controller were implemented in the model: a low-
frequency constant setpoint and a high-frequency variable setpoint
control strategies. Both strategies aimed at maintaining the concentra-
tion of O2 in the gas phase (COG, mol⋅m− 3) at a stable level, but differed
in the error definition. The manipulated variable (MV) was FFEED in both
cases. In the first type of strategy, control action over the MV was
executed every τ (i.e. low-frequency) and the control output was kept
constant for the following τ. In this way, the control action is based on a
single fluid element and is implemented every time this element passes
through the outlet of the tube. The value of COG at the N-th STR is
compared to the setpoint concentration value, expressed as a volume
fraction (COG,sp, − ), and the error signal (e, − ) is calculated as a feedback
deviation:

e(t) = CN
OG(t) − CN

OG,sp, where t = kτ and k ∈ N. (23)

On the other hand, the second type of control strategy consisted on
exerting control action every second (i.e. high-frequency). In this
strategy, the setpoint is not defined by the operator but it is rather
dependent on COG. The value of COG, expressed as a concentration
(mol⋅m− 3), was continuously compared with its value at the previous τ
and the e (mol⋅m− 3) was computed accordingly:

e(t) = CN
OG(t) − CN

OG(t − τ), where t > τ, t = k⋅1 s and k ∈ N. (24)

In the following sections, e was recalculated as volume percentage (%
vol) to more easily compare the results of the two control strategies. The
initial PID parameters were determined by the Ziegler-Nichols’ ultimate
gain method [19]. The value of the proportional gain coefficient (KP)
was manually increased in a step-wise manner until a stable and
consistent oscillatory COG response was found under constant light
conditions. The KP causing that response corresponds to the ultimate
gain coefficient (KP,u), and its period corresponds to the ultimate period
(Pu). The KP, integral term (τI), and derivative term (τD) for the PI and
PID controllers were determined based on KP,u and Pu using the re-
lationships outlined by Ogunnaike and Ray [20]. The P controller was
not considered because of the offset generated in a closed loop system.
The controllers were implemented with a low-frequency error definition
and compared under constant light. The controller demonstrating su-
perior performance was subsequently used for the outdoor weather
simulations using both error definitions: low-frequency and high-
frequency. The PID parameters used in the high-frequency strategy un-
derwent additional refinement through manual adjustments. This iter-
ative process aimed to achieve a response that maintained DO levels
above 10 % in simulations with constant light.

2.9. Numerical methods

In this study, the model equations and the associated control stra-
tegies were implemented and solved using MATLAB R2020a

Fig. 2. Autotrophic oxygen production patterns during 14.5 h daytime in the
simulated scenarios: constant (blue), clear sky (orange) and cloudy weather
(yellow). (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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(Mathworks, USA). The system involved solving a matrix comprising 6N
balances simultaneously, out of which 5 N were nonlinear. The nu-
merical solution was obtained using MATLAB’s built-in function, ode45.
Depending on the control strategy employed, time step for each inte-
gration of the solver was adjusted accordingly. For simulations con-
ducted under simplified conditions, a time step of 10 s was utilized. For
simulations employing the low-frequency control strategy, the time step
was τ. Lastly, simulations with the high-frequency control strategy used
a time step of 1 s.

2.10. Physical and biological parameters estimation

The determination of VL, εG and VG started by measuring the water
required to fill the reference TPBR with a flowmeter. The filling was
performed under the same flow configuration used in the other parts of
the study. The resulting total liquid volume (VLT, m3) from the mea-
surement was adjusted by deducting the liquid volume in the collection
vessel (Vv, m3). In this way, VL can be obtained:

VL = VLT − Vv. (25)

Subsequently, the liquid holdup (εL) and the εG in the tubular section
were calculated:

εL =
VL

VT
, (26)

εG = 1 − εL. (27)

Here, VT represents the total volume of the tube (m3). VG can be then
derived utilizing εG:

VG = VT εG. (28)

The transport properties of the system were included in the model via
kOLa, kCLa and the partition coefficients, mO and mC. The mass transfer
coefficients were measured in the reference TPBR at 20 ◦C following the
steady state method described in detail in Appendix 1. In a nutshell, pure
N2 gas was sparged into the collection vessel of the TPBR, dropping the
DO below air saturation, and the liquid was recirculated. O2 mass
transfer then occurred along the tube, from the freshly supplied air to the
liquid. The DO difference was measured by two DO probes, located at
different parts of the tube (Fig. 1).

Before implementation in the model, kOLa, kCLa were adjusted to the
process running temperature, 37 ◦C. We considered that the main factor
affecting mass transfer was the increase in gas–liquid diffusivity (DGL,
m2⋅s− 1) due to the rising temperature and decreasing liquid dynamic
viscosity (µL, Pa⋅s) [21]. The proportional increase in DGL due to
increasing temperature (T, K) and decreasing µL was calculated
following Wilke and Chang’s relationship:

DGL∝
T
μL
, (29)

resulting in a factor of 1.7. In addition, considering Higbie’s penetration
theory, the mass transfer coefficient (kL, s− 1) is proportional to the
square root of DGL divided by the contact time between phases (τC, s):

kL∝
̅̅̅̅̅̅̅̅
DGL

τC

√

, (30)

and thus kL increases by a factor 1.3 when increasing T from 20 to 37 ◦C.
The value of mO and mC used in the model was obtained and adapted to
37 ◦C based on the procedure explained by Sander [22].

Besides assessing the volume and transport properties, the Monod
kinetics parameters of G. sulphuraria ACUF 064 were determined
experimentally. Specifically, we measured qsmax, Ks and KO. The deter-
mination was carried out via respirometric measurements in a Hansa-
tech Oxygraph + biological oxygen monitor (BOM) (Hansatech, UK).

The comprehensive procedures for obtaining each parameter are out-
lined in Appendix 2.

2.11. Scale-down reactor configuration

Model simulations of a TPBR operated under OBM were validated in
a lab-scale setup using a scale-down approach. A schematic represen-
tation of the setup is depicted in Appendix 3. The reactor used in the
study was an STRwith a total volume of 3 L and a working volume of 2 L.
The cylindrical vessel was surrounded by an octagon of vertical light
panels that ensured homogeneous illumination, as explained meticu-
lously in a previous study [14]. Throughout the experiments, the culture
was continuously stirred at 500 rpm. pH was maintained at 1.8 by
manual addition of 2 MNaOH. Temperature was maintained at 37 ◦C via
a heat exchanger, and evaporation was prevented with a condenser fed
with water at 2 ◦C. A gas recycle line was installed after the condenser to
mimic gas recirculation in the TPBR. The recycling gas flowrate was
0.102 L min− 1 so as to reproduce the measured kOLa in the TPBR. This
value was estimated from a previous kOLa measurement in the reactor
[23], assuming a linear correlation between gas flowrate and kOLa if the
stirring rate remains the same.

Additionally, the pressure of the system was set to 10 mbar to pre-
vent mixing of the off-gas with external air. This was achieved by
employing a water lock placed after the condenser. We monitored any
deviations from this pressure by a manometer. The outlet gas in the
recycle line was compressed back into the STR by means of a diaphragm
gas pump. Gas flowrate was adjusted with a mass flow controller TMF
5800S (Brooks Instruments, the Netherlands) before entering the reactor
via the sparger. Fresh air and air enriched with CO2 were provided when
required by disconnecting the recycle line. Two Visiferm DO ECS 225
sensors (Hamilton, USA) were installed in the liquid phase and in the
recycle line to monitor DO and COG, respectively. Both sensors were
calibrated by sparging with N2 and air to obtain 0 % and 100 % air
saturation readings, respectively.

2.12. Strain, medium and inoculum growth conditions

The validation experiments were carried out with Galdieria sul-
phuraria ACUF 064 (http://www.acuf.net), donated by Prof. A. Pollio
(University of Naples, Italy). The medium used for the cultivation of this
strain had the following composition (mol⋅L− 1): 8.0⋅10− 2 (NH4)2SO4,
6.5⋅10− 3 MgSO4⋅7H2O, 4.7⋅10− 4 CaCl2⋅2H2O, 6.3⋅10− 4 FeCl3⋅6 H2O,
1.2⋅10− 2 H3PO4, 1.7⋅10− 3 NaCl, 8.1⋅10− 3 KCl, 8.0⋅10− 4 H3BO3, 8.1⋅10− 5

MnCl2⋅4H2O, 8.2⋅10− 5 ZnCl2, 3.2⋅10− 5 CuSO4⋅5H2O, 1.7⋅10− 5

Na2MoO4⋅2H2O and 1.7⋅10− 5 CoCl2⋅6H2O. pH was adjusted to 1.8 with
H2SO4. The inoculum for the experiments was obtained by cultivating
previously cryopreserved cells in a 250-mL flask containing 100 mL of
medium at 37 ◦C, 2 % v/v CO2, 120 rpm and a light intensity of 100
μmol⋅m-2⋅s-1.

2.13. Validation experiments

After inoculating the reactor, the culture was grown autotrophically
in batch mode until Cx reached 3 g⋅L− 1. Throughout this phase, the PFD
was gradually increased from 150 µmol m− 2⋅s− 1 to a final value of 500
µmol m− 2⋅s− 1 to prevent photoinhibition. This final PFDwas maintained
until the end of the experiments. Subsequently, a 100 g⋅L− 1 glucose
solution was fed to the reactor at a rate of 1.1 g⋅h− 1 for 1 day to accli-
mate the cells to mixotrophy. Following this adaptation period, aeration
was halted and DO levels were maintained at 105 % air saturation via
automatic glucose feeding. This condition was sustained until Cx
reached 8 g⋅L− 1, at which point dilution was initiated at a rate of 0.2
day− 1. After 3 days of chemostat, the first validation experiment
commenced.

Initially, the system was aerated for 2 h at a flowrate of 1 Lmin− 1 to
attain equilibrium with air. Then, gas recycling was activated and the
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reactor was operated in batch mode while a glucose solution of 150
g⋅L− 1 was supplied discontinuously (i.e. in pulses) over 16 h. Pulse
feeding was regulated by means of a PID controller that manipulated the
glucose pump flow rate to maintain a fixed setpoint for COG. The
controller was active for 7 s every 700 s, corresponding to the τ in the
first hypothetical STR and in the entire TPBR, respectively. After the 16-
hour simulated daytime, dilution was resumed at 0.2 day− 1 and
continued for at least 3 days. Two additional validation replicates were
conducted in a similar manner.

3. Results and discussion

3.1. Number of stages determination

The optimal number of tanks (N) value corresponding to our refer-
ence tubular photobioreactor (TPBR) with two-phase wavy flow needed
to be estimated to be able to construct a model following the tank in
series (TIS) approach. One way to accomplish this is by looking at the
residence time distribution (RTD) of such TPBR. Our study delved into
the RTD of our system bymeans of a pulse input experiment using HCl as
tracer. The experimental RTD function E(t) from each replicate was
plotted against the corresponding function of the TISmodel for different
values of N (Fig. 3).

The sharp shape of the experimental curves implies that the pH data
acquisition did not have sufficient resolution to represent the pulse input
accurately and the top of the peak might have occurred between the
registered points. Despite this limitation in resolution, the experimental
RTD curves suggest that axial dispersion is overall low in the reference
TPBR as shown by the size of the distribution tails. Furthermore, the
curves also indicate that the system can be approached with different
extents of accuracy with TISmodel by using an N on the order of tens to
hundreds. We checked this conclusion by means of a model sensitivity
analysis that compares the results for sugar, oxygen (O2), carbon dioxide
(CO2) and inert gas concentrations with 100, 500 and 1000 STRs
(Appendix 4). The concentration profiles are very similar and the error
incurred by using 100 instead of 500 or 1000 is very low. Accordingly,
we finally selected an N of 100 for the rest of the simulations in this
study as this number offers a good balance of accuracy and simulation
time.

3.2. Model simulation under simplified conditions

Understanding the behaviour of the model under simplified condi-
tions is crucial for the interpretation of the following simulations with
complex light inputs and active control strategies. Accordingly, we first
ran a simulation assuming constant light for 16 h, and thus constant
autotrophic O2 production, and constant glucose solution feed flowrate
(FFEED). This fixed FFEEDwas defined as the amount of glucose required to
achieve oxygen-balanced mixotrophy (OBM) for the selected biomass
concentration (Cx), denominated FSFEED (Eq. (22)). The calculation
yielded a value of FSFEED at 0.37 L h− 1, equivalent to a volumetric
glucose supply rate of 1.92 kg⋅m− 3⋅day− 1. The results of the simulation
for the most relevant process variables are plotted as a function of tube
length and simulation time in Fig. 4.

The concentration of glucose (Cs) showed a stable profile over time
after an initial short period of increase along the tube (Fig. 4A). The
maximum Cs was reached at the beginning of the tube, where sugar is
fed, and then decreased progressively until being completely depleted
by the end of the tube. Glucose depletion implies that cell metabolism
was not constantly mixotrophic. Having a glucose gradient matches the
expected plug flow fluid behaviour of the TPBR, as there is only one
substrate feeding point at the starting point of the tube. On the other
hand, the concentration of CO2 in the gas (CCG) rose linearly to 17.9% v/
v as time proceeded (Fig. 4B). Accumulation of CO2 is expected based on
the stoichiometry of OBM, as O2 and CO2 cannot be balanced simulta-
neously due to slightly different stoichiometric coefficients.

Dissolved oxygen (DO) concentration peaked at 120.1 % air satura-
tion at both the beginning and end of the tube during the initial phase of
the simulation (Fig. 4C). In the middle section of the tube, glucose
consumption led to a drop in DO below saturation levels. This parabolic
pattern follows the results obtained for Cs. As glucose is utilized, DO
decreases until Cs is entirely depleted, after which DO levels rise again.
Interestingly, DO levels at every point of the tube declined over time,
never reaching a stable level. The concentration of O2 in the gas (COG)
displayed a uniform decreasing trend along the entire length of the tube
(Fig. 4D). By the end of the simulated day, DO and COG had reached
minima of 60.7 % air saturation and 16.1 % v/v, respectively. This
pattern can be attributed to the accumulation of CO2 in the gas phase,
but it might also suggest that there was net O2 consumption in the
reactor. In such case, the heterotrophic metabolism would have domi-
nated over its autotrophic counterpart. In principle, by providing FSFEED
we could expect to balance O2 production and consumption.

In conditions devoid of constraints, the maximum autotrophic spe-
cific O2 production rate is qO,auto, at 1.96⋅10− 6 molO2⋅C-molx− 1⋅s− 1

(Table 1). Conversely, the maximum heterotrophic specific O2 con-
sumption, qO,hetmax (molO2⋅C-molx− 1⋅s− 1), can be derived from the
maximum specific sugar uptake rate (qsmax) and YO/s (Table 1), resulting
in a value of 3.33⋅10− 6 molO2⋅C-molx− 1⋅s− 1. This is almost 2 times higher
than qO,auto, a discrepancy that implies that heterotrophic metabolism
dominates when not significantly limited. The extent of the limitations
in this simulation becomes apparent when examining the spatially
averaged Monod terms, illustrated in Appendix 5. Despite heterotrophic
O2 consumption being restricted to approximately 52 % of its capacity
due to substrate limitation, it still surpassed autotrophic O2 production.
This difference diminished over time as the marginal CO2 limitation on
the photosynthetic metabolism disappeared due to glucose oxidation.

The resulting decrease in DO drove O2 transfer from the gas to the
liquid phase, contributing to the observed reduction of COG. However,
the transfer rate was not sufficient to balance O2 consumption in the
liquid phase during the simulated 16-hour daytime. Besides transfer to
the liquid phase, the decrease in COG was also influenced by the pro-
gressive accumulation of CO2 in the gas phase, steered by the afore-
mentioned metabolic imbalance. The bleed gas flowrate is adjusted so
that the recirculated gas inlet flowrate does not increase due the net
production of CO2 caused by the aforementioned metabolic imbalance.
The bleed gas composition and flowrate throughout the simulation are

Fig. 3. Experimental RTD functions from the experiments with 1 M HCl (blue,
solid), 2 M HCl (A) (orange, solid) and 2 M HCl (B) (orange, dashed) compared
with the RTD of the TIS model with 50 (purple), 100 (green) and 170 (light
blue) ideal STRs. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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depicted in Appendix 6. The existence of the bleed gas implies that O2
balance can never be reached with a FFEED solely based on stoichiometry,
as part of the O2 is lost in a non-biological process.

3.3. Controller design for clear sky and cloudy weather conditions

When dealing with real outdoor conditions, FFEED must be carefully
adjusted over time to match the dynamic autotrophic O2 production so
as to achieve OBM. If there is too much glucose input, DO might drop
below 10 % air saturation and cause harmful effects to the biomass [16].
Conversely, providing insufficient glucose might cause CO2 limitation
for photosynthesis and lead to low biomass productivities. In order to get
an adequate response, we designed and compared various control stra-
tegies that were based on a PID controller. This type of controller, known
for its simplicity and versality, is one of the most used in industry,
including in the control of chemical and biological processes [24]. We
chose COG, instead of DO, as the variable to be controlled. Although the
latter might offer a more immediate response, the signal might be noisier
due to sudden changes in the liquid, where the biological activity occurs.
In turn, COG offers a more stable signal in exchange for some sluggish-
ness due to the delay caused by mass transfer and mixing.

The first step in controller design is determining the PID parameters
so that the response of the controller is adequate for the behaviour of
OBM. For this purpose, we followed the classic controller tuning method
proposed by Ziegler and Nichols, commonly called the ultimate gain
method. This method was implemented for the low-frequency control
strategy, explained comprehensively in 2.8. Controller design, with a
setpoint of 18 % v/v of O2. The parameters derived from this strategy
were extrapolated to the high-frequency controller, given that simula-
tions with the latter proved to be significantly more computationally
intensive. It is important to note that this work did not focus on PID
tuning. Thus, while this method may provide a convenient initial

approach, future research could explore more effective tuning methods,
such as the one-third rule or the simplified internal model control
(SIMC). The resulting ultimate proportional gain coefficient (KP,u) and
ultimate period (Pu) for the COG-based controller were 1.16⋅10− 5 (− ) and
3600 s, respectively. A graphical representation of the oscillatory
response obtained with these parameters is reported in Appendix 7.
After finding KP,u and Pu, the proportional gain coefficient (KP), the in-
tegral term (τI) and the derivate term (τD) were subsequently derived for
the low-frequency PI (KP and τI equal to 5.22⋅10− 6 (− ) and 3000 s− 1,
respectively) and the PID controllers (KP, τI and τD equal to 6.96⋅10− 6

(− ), 1800 s− 1 and 450 s, respectively). Then, these controllers were
implemented in the model with the calculated parameters and their
performances were compared under constant light (Fig. 5). For the sake
of visualization, only the COG at the end of the tube is represented over
time. The performance was evaluated based on the following criteria:
(1) stability should be reached rapidly with minimal oscillations, (2) DO
should remain above 10 % air saturation and (3) setpoint offset should
be as low as possible. Further to this, we defined stability as oscillations
that are no more than ± 2 % of the setpoint.

In the simulation with the PI controller, COG reached the setpoint
within the accepted range of stability after 4.5 h. In comparison, with
the PID controller COG was stable after 3 h at the expense of a deeper
initial oscillation. Based on these results, the PID controller was chosen
as the best strategy for being the fastest achieving stability while keeping
a reasonable oscillation profile.

The performance of the PID controller with low-frequency and high-
frequency error definitions was assessed under outdoor light conditions
to determine its suitability for implementation at pilot scale. We tested
two scenarios: a day with perfect clear sky and a cloudy summer day
measured in the surroundings of our reference TPBR. In these simula-
tions, differently to the previous sections, the length of the day was
adjusted 14.5 h. This daytime length corresponds to the August summer

Fig. 4. Model predictions for Cs (A), CCG (B), DO (C) and COG (D) under simplified conditions.
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day that was used as an example of a day with irregular cloud cover. The
setpoint for COG was selected as 18 % v/v, where applicable. Further-
more, during the first tube circulation time τ, FFEEDwas set to 10 % of the

stoichiometric flowrate to avoid CO2 limitation at the beginning of the
simulation. In this way, the startup of the control system is not limited by
the low initial CO2 concentration, which is dictated by equilibrium with

Fig. 5. Controller comparison results for COG (A), e(t) (B) and FFEED (C) at the end of the tube under constant light conditions with the low-frequency error definition.
PI is depicted in blue and PID in red. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 6. Model predictions for DO and COG under clear sky conditions (A, B) and cloudy weather (C, D) with the low-frequency control strategy.
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air reached during the hypothetical preceding night period.
Prior to conducting the definitive simulations with the high-

frequency strategy and dynamic qO,auto, further refinement of the PID
parameters was performed. Initial simulations with a constant qO,auto,
employing the parameters derived directly from the ultimate gain
method, revealed oscillations persisting below the 10 % DO threshold
(data not shown). This result is in agreement with the fact that the ul-
timate gain method was applied to the low-frequency controller, which
operates differently. To rectify this, an optimization process was con-
ducted by trial and error under constant light conditions, focusing on
reducing volatility in the oscillations. This was predominantly achieved
by decreasing KP and τD. The final optimized values for the high-
frequency controller were determined as 3.5⋅10− 7 m6⋅mol− 1⋅s− 1 for
KP, 2000 s− 1 for τI and 47 s for τD. These values were then applied in the
final simulations encompassing both the clear sky and cloudy weather
scenarios.

3.4. Model simulations under clear sky and cloudy weather conditions

Starting with the results of the low-frequency strategy, DO showed an
irregular oscillatory behaviour in both climatic scenarios (Fig. 6A and
C). For most of the day, it remained above 10 % air saturation, reaching
minima of 14.1 and 9.0 % during the morning of the clear sky and the
cloudy weather conditions, in that order. On the other hand, the DO
peaks reached levels of around 180 %. The response surface appeared
more uneven under cloudy weather, which is attributed to the more
irregular light pattern prevalent in this condition. Deeper oscillations
coincided with the midday period, the moment of highest qO,auto input.
COG appears more stable than DO, oscillating around the chosen setpoint
of 18 % v/v (Fig. 6B and D). In both conditions there is first a decrease of
COG before stabilizing after 1 h. Further oscillations appear in the pe-
riods when light intensity is changing more rapidly that undershoot the

setpoint, resulting in values of 16.1 and 16.8 % v/v. This phenomenon
occurs especially when COG decreases after reaching the maximum value
in the clear sky condition or when there are fast changes in cloud cover.
The error signal and the feed flowrate in this simulation are reported in
Appendix 8.

The glucose concentration Cs exhibited a consistent pattern observed
in both clear sky and cloudy day simulations (Appendix 8). At the
beginning and end of the day, it was virtually 0, while during the middle
part of the day there was a steep increase at the initial segment of the
tube. This peak occurred simultaneously with the moment of highest
light input and resulted from the controller response to the rapidly
increasing O2 production, emulating the behaviour of COG. Moreover,
the Cs peak was almost twofold higher in the clear sky simulation than in
the cloudy day, aligning with the lower average qO,auto from the latter.
The volumetric glucose feeding rates during the clear sky and cloudy
weather scenarios were 1.77 kg⋅m− 3⋅day− 1 and 0.75 kg⋅m− 3⋅day− 1,
respectively. In the first scenario, this quantity is equivalent to the rate
of glucose fed under simplified conditions for a similar time period of
14.5 h. Furthermore, 0.75 kg⋅m− 3⋅day− 1 correspond to a 60 % reduc-
tion, analogous to the reduction in qO,auto with cloudy weather.

These results suggest that the controller can supply the same amount
of glucose for equivalent light inputs even if they are dynamic. However,
this strategy resulted in a considerable Cs accumulation, maybe partially
due to the choice of a COG setpoint of 18 % v/v. Large sugar gradients
might be undesirable due to metabolic side effects in the biomass. As
expected due to stoichiometry, CCG increased progressively over time for
both simulated conditions. The rate of accumulation was higher in the
middle of day, when the majority of the glucose is supplied and oxidized
(Appendix 8).

The outcomes of the high-frequency controller are represented in
Fig. 7. In broad terms, the trends observed for all the compared process
variables closely aligned with the results obtained with the low-

Fig. 7. Model predictions for DO and COG under clear sky conditions (A, B) and cloudy weather (C, D) with the high-frequency control strategy.
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frequency control strategy in both climatic conditions. During the clear
sky scenario, the glucose supply rate was 1.60 kg⋅m− 3⋅day− 1 while in the
cloudy weather condition this amount was 0.65 kg⋅m− 3⋅day− 1. This
translates into slightly lower biomass productivity than the low-
frequency strategy, accompanied by a lower degree of Cs accumula-
tion (Appendix 9). Moreover, the high-frequency control showed a
lower oscillation range of DO, fluctuating between 70.1 % and 162.1 %
in the clear sky scenario and between 55.9 % and 167.0 % in the cloudy
weather equivalent (Fig. 7A and C). Notably, with this strategy COG
exhibited a slightly lower oscillation range, remaining between 20.9 and
24.3 % v/v in the clear sky scenario and between 20.8 and 23.1 % v/v in
the cloudy weather condition (Fig. 7B and D). In general, the response
from the high-frequency system deals more subtly with changes at a
slight performance cost, as indicated by the obtained DO and COG ranges
and the higher DOminimum. This response is advantageous in situations
where dynamic conditions are the norm and not the exception. More-
over, from a control perspective, achieving the setpoint is not the pri-
mary focus but rather having stability while maintaining a good
performance.

Despite the successful design and implementation of these control-
lers, the evolution of the aforementioned parameters in outdoor light
simulations displayed a more irregular pattern than in the simplified
conditions scenario. This showcases the importance of having an
adequate initial FFEED and a finely tuned controller response to prevent
periods of either limiting or excessive sugar input into the system. While
the control was not perfect and some oscillations persisted, it demon-
strated the capability of the implemented controllers to handle real-life
conditions. These controllers lay the foundation for the scale-up of OBM
to pilot scale. The high-frequency strategy appears more promising for
this task, although further refinement and tuning of the PID parameters
are still recommended. It is also relevant to stress that the design of this
control system was performed by trial and error. More efficient and
robust designs could be implemented as well in the simulations. How-
ever, since we were satisfied with the initial results of this control
strategy in terms of DO and COG ranges, we decided not to optimize this

control system further.

3.5. Model validation

The predictions of the PID controller in silico were validated empir-
ically in a lab-scale STR following a scale-down approach, a strategy that
has already been explained elsewhere [16]. The passage of time in the
STR represents the progression of a fluid element in the tubular section
of the reference TPBR. In this way, the model can be validated without
the need for time-consuming and expensive pilot experiments. The
validation experiment consisted of three different replicates that were
compared against model predictions for COG and DO under the action of
the low-frequency control strategy. In this case, the predictions followed
the trajectory of a single element of fluid travelling through the tube,
starting with similar initial conditions and PID parameters (Fig. 8).

Before beginning the validation experiments, the model was adjusted
to the experimental setting. The gas holdup was measured in the scale-
down setting, and the value was inserted into the model, as well as the
value of the glucose concentration in the feed solution. Furthermore, the
control system input and outputs were adjusted to match the ones of our
control software. For this, the manipulated variable FFEED was converted
to the percentage of the maximum pump flowrate by using a calibration
curve of the feed pump. Furthermore, the control variable COG was
converted to % v/v. These new variables were used for designing the
control system to be implemented in the lab-scale photobioreactor. The
residence time (i.e. the time between two distinct control actions) was
set to 700 s both in the model and in the experimental control system
with the purpose of mimicking the pilot-scale photobioreactor. Finally,
the results from the model, the concentration profiles in the length of the
tube and time, were converted into the profiles in time from the point of
view of the fluid travelling through the tube. This allowed us to compare
the modelling results with the experimental data from the photo-
bioreactor runs.

These runs were executed consecutively and were named as replicate
1, 2 and 3 following their chronological order. For the sake of technical

Fig. 8. Validation experiment and control results for COG (A) and DO (B). Experiment 1 is depicted in blue, experiment 2 in orange, Experiment 3 in yellow and
model predictions in purple. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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simplicity, the validation experiment was carried out with a constant
light input. The COG setpoint in the experiments was set to 17 % v/v,
which after adjusting for the 10 mbar water lock overpressure results in
a real value of 18 % v/v. On the other hand, the simulation in silico was
run with a setpoint of 18.2 % v/v. The reason for this difference is that
the pressure of the water lock was not adjusted depending on the at-
mospheric pressure changes. Because of that, the real setpoint concen-
trations in the validation experiments were 18.1, 18.2 and 18.3 % v/v
for replicate 1, 2 and 3, respectively. Accordingly, we selected 18.2 % v/
v to run the comparison simulations in the model as it is the average of
the three values. We considered that this fact did not affect significantly
affect the conclusions from the comparison.

COG reached a stable value, that is, oscillating within a range of ± 2
% from the setpoint, 1.8, 3.7 and 2.0 h after the start of replicates 1, 2
and 3, in that order (Fig. 8A). The response of the controller in the
validation was faster for replicate 1 and 3 than in the case of the model.
The model predicted reaching stability after 3.5 h, similarly to replicate
2. Moreover, the evolution of COG in the reactor followed a similar
pattern as in the computational simulation, although with less accused
dynamics. First, there was a slight concentration increase from the initial
equilibrium with air that was followed by a drop before COG stabilized.
While in replicate 2 this drop in COG occurred around the same time as in
the model, in replicate 1 it was deeper and happened considerably
before, already within the first hour. In addition, replicate 3 showed a
less pronounced drop, equivalent to the prediction, but occurred an hour
before. Similar dynamics were also observed in the DO profiles obtained
in the model and during the experiment (Fig. 8B). Stability was reached
after an initial drop in DO, that was deeper in replicates 1 and 2 and
occurred earlier than the prediction in replicates 1 and 3.

The reason behind the pronounced and early drop in experiment 1
lies in the initial real COG setpoint that was used at the beginning of the
experiment, 21 % v/v. Because this concentration was above the initial
concentration in the reactor, the controller was inactive during the first
20 min of the run and no glucose was being added. As a consequence,
photosynthesis became limited by CO2 very fast and no O2 was pro-
duced. At that point, we manually provided a glucose pulse as a kick-off
for the mixotrophic metabolism, causing the observed early decrease in
COG and the activation of the controller. On top of that, we also
decreased the setpoint to 18 %, which was maintained that way for the
rest of the experiment. While the manual pulse and the setpoint change
partially affected the dynamics of the system, the amount of glucose
supplied to the STR was similar in the three replicates, being an average
of 2.5 ± 0.4 g L− 1 day− 1 of glucose. Furthermore, this value is close to
the 1.8 g L− 1 day− 1 of glucose predicted by the model for equivalent
conditions.

Interestingly, the oscillations obtained after reaching stability were
slightly stronger in the experiments and DO decreased to lower con-
centrations than in the computational simulation. While the reasons for
this behaviour remain obscure, a possible explanation might come from
the higher amount of glucose provided in the validation experiment. In
addition, the quick and deep response in the validation experiments
suggests that the qsmax that we had determined in the BOM under-
estimated its real value (Appendix 2). Small variations in the physio-
logical state of the cultures [25] and the linearization bias [26] may
introduce sources of inaccuracies, making the estimation of Monod pa-
rameters nontrivial. In addition, deviations in the determination of kOLa
in the TPBR and the extrapolation to our scale-down setup could have
also played a role. Moreover, we cannot exclude the possibility that
different degrees of biomass adaptation happened during the continuous
experiment, contributing to the divergence in experimental results. We
have previously observed that glucose metabolism can influence
pigment content in G. sulphuraria [12,13]. In light of this, the employed
empirical qO,auto could have been overestimated as it was measured in an
autotrophic culture. Regardless, achieving an extremely high level of
precision was not the primary objective of this model; instead, its pur-
pose was to serve as a practical tool for facilitating the scale-up process.

Overall, we can conclude that the model compared to the empirical
results reasonably well. The controller designed in silico can be used as
the starting point for the scale-up of the process. Even so, the model can
still be improved to match more accurately the results obtained in the
lab. Further insight into the kinetic parameters of the strain used is a
good point to start. In addition, the scale-down approach was successful
but the experimental design can still be improved to simulate more
complex conditions, such as dynamic light.

4. Conclusions

This study presents a comprehensive approach for modelling and
controlling the kinetics of oxygen-balanced mixotrophy (OBM) in a
tubular photobioreactor using the tank-in-series approach and
proportional-integral-derivative (PID) controllers. The optimal repre-
sentation of our reference pilot-scale reactor was achieved with a
configuration of 100 stages, offering the ideal balance between accuracy
and computational burden. Model simulations revealed a downward
trend over time in dissolved oxygen (DO) and oxygen concentration in
the gas phase (COG) in the simplified scenario with constant light input
and balanced glucose supply. This trend is attributed to the faster rate of
heterotrophic metabolism and the presence of a bleed gas flowrate due
to the accumulation of CO2 in the gas phase.

PI and PID controllers were designed and compared relying on the
ultimate gain method with constant light and a controller with low-
frequency error definition. The PID controller resulted in the best per-
formance and was implemented with real outdoor conditions with two
error definitions: low-frequency and high-frequency. The high-
frequency strategy underwent trial and error fine-tuning before imple-
mentation. Both strategies effectively maintained stable COG with os-
cillations between 16 and 24 % v/v and ensured DO levels stayed in the
range of 10 to 180 % air saturation when subjected to clear sky and
cloudy weather. The high-frequency strategy exhibited reduced glucose
accumulation while supplying a marginally smaller amount.

The validation experiments corroborated model predictions for COG
and DO. Yet, the dynamics observed in the experiments for COG and DO
were faster and steeper, a disparity that may be attributed to the accu-
racy measuring Monod kinetic parameters. However, a stable state was
always reached between 1.8 and 3.7 h, comparable with the 3.5 h pre-
dicted by the model. The overall success of the proposed methodology
highlights its viability over conventional trial-and-error approaches,
particularly in the context of OBM scale-up and large-scale bioprocess
control.

Funding

This work was supported by ProFuture project (2019–2023)
“Microalgae protein-rich ingredients for the food and feed of the future”-
H2020 Ref. 862980.

CRediT authorship contribution statement
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