Systems .Control
Transactions

ESCAPE 36 - European Symposium on Computer Aided Process Engineering

Original Research Article
Peer Reviewed Conference Proceeding

PSE

PRESS

Sheffield, UK. 21-24 June 2026

Advancing Industrial Fermentation across scales: Model
Development, Cost Analysis, and Predictive Control

Marc Lemperle?*, Pedram Ramin?, Julian Kager?, Benny Cassells®, Stuart Stocks®, Krist V. Gernaey?

@ Process and Systems Engineering Center (PROSYS), department of Chemical and Biochemical Engineering, Technical University

of Denmark, Building 228A, 28000 Kgs. Lyngby

® Novonesis, Fermentation Pilot Plant, Krogshoejvej 36, 2880 Bagsvaerd, Denmark

* Corresponding Author: marlem@dtu.dk

ABSTRACT

The bioprocess industry is actively exploring technologies associated with the fourth industrial
revolution, with modeling offering considerable potential for process optimization. Nevertheless,
model adoption in industry remains limited. This is partly because model development continues
to depend heavily on offline sampling, and because relatively few industrial applications convinc-
ingly demonstrate their practical value. This study therefore first examines the benefits of online
rheology and online biomass measurements for model development and demonstrates, among
other aspects, that online biomass significantly improves model fidelity. The second part examines
how electricity prices affect process conditions, a key factor in production, and finds that, contrary
to common practice, maximizing all operating parameters is not the most cost-effective strategy.
Finally, an in-silico framework for model predictive control, applied to a reactor end-fill scenario,
demonstrates that oxygen-controlled processes can be dynamically optimized, highlighting the
strong potential of bioprocess models for industrial usage.

Keywords: Bioprocess Modelling, Cost Analysis, Model Predictive Control

INTRODUCTION

Fermentation processes are well-established bio-
chemical operations that utilize microorganisms to pro-
duce specific compounds, ranging from monoclonal anti-
bodies to chemicals and industrial enzymes [1]. Although
individual processes differ substantially, all industrial fer-
mentations rely on a complex interplay between the un-
derlying biological system and its physical reactor envi-
ronment [2], [3].

Accurate modeling of fermentation processes is
considered a crucial step forward in the ongoing optimi-
zation, monitoring, control and scaling of such processes
[4]. Nevertheless, the application and usage of such
mathematical bioprocess models in industry remains lim-
ited, largely because the model development is highly re-
source-intensive and time-consuming [5].

A major contributor to this challenge is the reliance
on offline measurements for rheological characterization
and cell-weight-based analyses [6].

However, online measurement technologies are
constantly emerging within industrial settings, raising the
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question of to what extent they can support model de-
velopment and improve model accuracy from an indus-
trial perspective [7].

For instance, rheological offline measurements are
laborious and additionally require an estimate of the ap-
parent viscosity based on numerous assumptions. This
can be substituted by online measurements of the dy-
namic viscosity using a vibrational viscometer operating
in the upper Newtonian region, in which the fluid behaves
shear-independently. Dynamic viscosity is referred to in
the following as online viscosity [8]. Additionally, online
biomass sensors that quantify viable cells based on per-
mittivity can replace the cumbersome and, under current
industrial conditions, error-prone measurements of cell
dry weight (CDW) [9], [10], [11].

This work first aims to investigate the extent to
which the integration of those two online measurement
technologies improves model development and en-
hances model accuracy for industrial fungal fermentation
processes at pilot and production scale.

This is done by comparing three modeling ap-
proaches, leading to three different models, developed
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using pilot plant data and validated through pilot and
large-scale simulations: (i) a mechanistic model based on
offline CDW and offline rheology measurements, (ii) a hy-
brid model combining offline CDW and online viscosity,
and (iii) a hybrid model relying on online viable cell con-
centration and online viscosity. The complexity of the
model is addressed in more detail in the “Methodology”
section.

Alongside the effort required for development, the
usage of models in industry may also be slowed down by
a lack of practical examples that clearly demonstrate
their benefits [12], [13], [14]. Therefore, the second part
of this work presents two model applications tailored to
an established dissolved oxygen (DO)-controlled en-
zyme-production process. First, a cost analysis under
varying electricity prices is conducted to provide eco-
nomic insights into fermentation operations. Second, an
in-silico framework for predictive control is implemented
to dynamically optimize DO-controlled fermentations,
while ensuring a defined reactor fill [15], [16].

This study aims to bridge the gap between existing
modeling approaches and their application in industry.
This is done by exploring the potential of online measure-
ments for model development, on the one hand, and by
presenting model applications specifically tailored to en-
zyme production processes, on the other hand.

METHODS AND MODELS

Three bioprocess models are used to discuss and
explore the advantages of integrating novel online meas-
urements into model development. All models are de-
signed for the same industrial bioprocess, assuming sub-
strate as the primary limiting factor for cell growth and
death. Each model incorporates mass balances for key
components, including reactor mass, biomass, substrate,
product and dissolved oxygen. Due to confidential rea-
sons, model parameters for each of the models cannot
be disclosed.

A pure mechanistic model (model i) exhibits the
highest dependency on offline data, requiring both CDW
and offline rheology measurements. Essentially the
model structure can be seen in Albeak et al., 2012 [6],
with the difference being that yields have been linked to
the growth rate, rather than being constant as well as the
integration of a Monod growth kinetic.

Cell death is not modelled explicitly in model i. This
decision reflects the limited precision of CDW measure-
ments, which prevents robust estimation of death kinet-
ics. The linear yields correlation as well as y,,,, has been
determined experimentally, whereas the remaining pa-
rameters were fitted using data from six fermentations
covering the relevant operational space. Additionally, en-
zyme production is modelled based on a constant rate
and includes a product inhibition term. The applied k;a
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correlation is presented in equation 1.

Pa
kia =C*<I_/) 5 0P s Sy, 1

The apparent viscosity is described using the
Henzler and Otto model in which the power-law parame-
ters are fitted to rheological measurements, as presented
in Albeak et al., 2012 [6].

The only distinction between the mechanistic model
(model i) and the second model, model ii, is that the ap-
parent viscosity is replaced by online viscosity. In this ap-
proach, the k;a correlation, shown in equation 2, includes
online viscosity that is predicted by a supervised LGBM
machine learning (ML) model, resulting in a sequential hy-
brid model. The ML model, trained with 27 historical fer-
mentation processes from pilot plant and production, uti-
lizing different fungal strains, predicts the online viscosity
based on mechanistic modelled input features, as de-
scribed in more detail in [17].

a

P
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Therefore, modelii advances modeli by increasing
the use of online data (i.e. viscosity), while modeliii builds
upon model ii by integrating additional online measure-
ments (i.e. capacitance), consequently reducing the need
for offline sampling. The availability of online viable cell
concentration measurements enables model iii to explic-
itly incorporate cell-growth and cell-death kinetics, both
formulated as functions of substrate concentration and
dissolved oxygen levels [18].

In addition, model iii integrates an extended ML-
based viscosity model from model ii that includes capac-
itance as an input feature. However, this dataset consists
of only two pilot-scale fermentation processes con-
ducted with the same production strain. The restricted
size of this dataset reflects the current limited availability
of fermentation batches, equipped with online capaci-
tance probes.

Consequently, in contrast to model i and model i,
which model biomass growth with a Monod model, model
iii, predicts the viable cell concentration with a Contois-
type growth and O'Brien-type death kinetic [19], [20]. As
this extension increases the number of kinetic parame-
ters in model iii, a differential evolution algorithm is em-
ployed to ensure sufficient exploration of the enlarged
parameter space. The optimization applied the
‘bestlbin’ strategy with a population size of 6 and a
maximum of 30 generations as well as a relaxed toler-
ance of 0.01 to enable early termination when improve-
ment falls below 1% [21].

Due to limitations in the availability of offline and
online biomass and rheology measurements, it was not
possible to obtain a sufficiently comprehensive data set
to calibrate all models on the same dataset, resulting in
the use of the two data sets. Model i and ii are calibrated
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on six 550L fermentation processes designed to explore
the operational space of the system. In contrast, model iii
is based on two 550L fermentations with different de-
signs, one targeting three specific growth rates, while the
other examines cell behavior under varying k;a condi-
tions. The presented results are validated on additional
fermentation processes at pilot and large scale that were
not used for calibrating the models.

Cost optimization

In-silico cost optimization of a fermentation process
using a comprehensive bioprocess model represents a
compelling application of modeling for industrial pur-
poses [22].

The first step of a cost optimization involves linking
the relevant cost factors, as listed in Table 1, to the sim-
ulation. For the purposes of this study, and due to the
limited cost information available in the literature, we as-
sumed a fixed baseline operating cost, denoted as fixed
overhead costs. These represent expenses that occur re-
gardless of how the fermentation is run. The values are
based on internal company data and cannot be disclosed.

Other costs are associated with either the reactor
start or end filling, the inherent process operating condi-
tions as well as the fermentation time.

The energy prices in the analysis are based on his-
torical data from the Danish energy market and reflect
the minimum, maximum and average price over the last
10 years [23]. The other costs are based on literature val-
ues selected to best approximate the present case; how-
ever, the availability of detailed information in the litera-
ture is rather limited [16], [24], [25].

Table 1: Cost factors of a fermentation process

Fixed fixed overhead confidential

Costs costs

Variable Electricity 0.8, 1.8, 2.8 [23]

Costs Carbon source [DKK/kwh]
Ammonia 4.23 [16] [DKK/kg]
Media 1.94 [16] [DKK/kg]

Recovery Cost 0.26 [24] [DKK/kg]

4.49 [25] [DKK/kg]

In the second step, a realistic manufacturing sce-
nario is embedded within the optimization problem. The
problem is formulated as a nonlinear, simulation-based,
single-objective constrained optimization problem. The
decision variables x =[p,a,g, t;]", represents pressure,
aeration, agitation, and fermentation time. The objective
is to minimize the total fermentation cost C(x), subject to
meet a required enzyme production P(x) > B, and re-
specting operational bounds xM" < x; < x"3% repre-
sented in the following formulation.

Lemperle et al. / LAPSE:2026.0402
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min

C(x),
X
s.t. P (X) > Pmrget’
XM < x; < XM e {p,a,g, tr}

A nested root-finding procedure adjusts the initial
reactor fill to ensure identical final fill levels across all
simulations. Because the model exhibits non-linear,
non-convex behavior without analytical gradients, the
optimization is solved using a Genetic Algorithm with a
population size of 50, up to 25 generations, using tour-
nament selection, two-point crossover (probability 0.5),
and Gaussian mutation (probability 0.5). The optimization
process is initiated by generating 50 initial points within
the design space using Latin Hypercube Sampling (LHS)
[26].

Advanced control for the reactor end fill

Many industrial enzyme production processes have
already been extensively optimized, including by adjust-
ing the feed rates to maintain a stable oxygen balance.
However, as this normally leads to varying reactor end
fills, a subsequent objective might be to reliably hit a de-
fined end fill. Reactor end fills are linked to the total prod-
uct produced and beyond that enhances manufacturing
planning reliability by reducing process deviations. Model
predictive control (MPC) is widely regarded as a powerful
approach to enable such advanced control [6].

To reduce batch-to-batch variability and achieve
this in DO-controlled fungal fermentation, a modular in-
silico workflow that combines biased initial planning, real-
time parameter adjustment, and constraint-based input
optimization, is presented. First, a realistic model-pro-
cess mismatch is created by distorting a calibrated
“source” process model: the dynamic substrate and oxy-
gen yields are influenced by a constant factor that is ran-
domly determined in the range of +30% of the yield’s
value. Using this deliberately distorted model, a Brent
root-finding optimization is employed to determine the
initial reactor fill that would result in the fermentation
reaching the predefined final reactor fill. That start fill is
applied to the unperturbed source (or truth) model to
generate synthetic batch data, representing the realized
process.

During the run, the algorithm corrects the distorted
model at specified control points by finding correction
factors for the dynamic yields, using the available online
data of viable cell concentration, oxygen uptake rate
(OUR), and feed rate by minimizing a normalized
mean-squared error over the time to the checkpoint with
Nelder-Mead under conservative tolerances. Normaliza-
tion guards against misalignment and scale differences
and regularization with constraints keeps parameters
physically plausible. The corrected model is then rolled
forward to forecast the rest of the batch. If the predicted
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Figure 1. Pilot-scale predictions for the three models.
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Figure 2. Pilot-scale predictions for the three models with realized k;a.

end fill based on the new model deviates from the target
beyond a threshold of e.g. #1%, a bounded L-BFGS-B ad-
justs the agitator speed and aeration. This approach is
possible, as with a DO-controlled process, there is a di-
rect correlation between the OTR and the final reactor fill
of a process.

Lemperle et al. / LAPSE:2026.0402 Syst Control T

Agitation and Aeration 1 - OTR 1t - DO 1— feed rate 1
— end fill 1

By adjusting the agitator speed and aeration under
DO-controlled settings, a DO concentration close to the
set point as well as a final fill that corresponds to the de-
sired final fill of the process is ensured. This can be
achieved by optimizing both the agitation and the
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Figure 3. Large-scale predictions for the three models.

aeration based on the squared error between the final re-
actor fill prediction of the corrected model and the target
fill using an L-BFGS-B optimization algorithm with mod-
erate tolerances.

After executing this framework at each checkpoint,
all actions are logged and saved, as they define the pro-
cess until the next checkpoint. This fit-predict-control
loop repeats to batch completion, maintaining robust DO
control while steering the process to the target end fill
under initial model inaccuracy. To reduce the computa-
tional cost, the framework is only activated at those time
points, in which the modelled predictions deviate from
the actual realized process data.

RESULTS

Model simulation for pilot and large scale

Figure 1 presents the closed-loop simulation re-
sults for modelsi, ii, and iii. The empirical k;a models,
each depending on their respective biological and physi-
cal sub-models, show reasonable agreement with the
measured data throughout most of the fermentation pro-
cess. Deviations in the predicted k;a values occur primar-
ily during the initial hours and can largely be attributed to
viscosity effects. These early-phase differences arise ei-
ther from the use of different viscosity models or from
discrepancies in the biological sub-models implicitly em-
bedded in the k;a estimation.

Because the process is intentionally operated at its
maximum feed rate during the initial hours, the early dif-
ferences in k a do not translate into additional feed
Lemperle et al. / LAPSE:2026.0402
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addition. As the predicted k;a converges for the remain-
der of the fermentation, and because modeli andii share
similar underlying biological sub-models, the resulting
state predictions overlap for most variables during the
closed-loop pilot-scale validation run.

Modeliii, which was developed using only two fer-
mentation datasets and viable cell measurements, under-
estimates the reactor fill compared to the observed data.
Further investigation is required to understand the root
causes of the discrepancies among the models. One pos-
sible diagnostic approach is to rerun the simulations us-
ing the realized k;a profile, effectively decoupling the
physical mass-transfer model. This allows a focused as-
sessment of the biological sub-models’ accuracy, as il-
lustrated in Figure 2.

Figure 2 shows that the biological sub-models in
modelsi andii systematically result in an overprediction
of the reactor mass when the realized k;a profile is im-
posed. In contrast the biological sub-model in modeliii
lead to an accurate prediction of the reactor mass. This
indicates that, for modelsi andii, inaccuracies in the
physical k;a model and the biological growth model par-
tially cancel each other out, leading to an apparently im-
proved mass prediction in the fully coupled simulation. In
contrast, the biological sub-model of model iii seems to
be more accurate but does not benefit from this compen-
satory effect. Therefore, model iii suffers more directly
from the limitations of the k;a model, when it's simulated.

Figure 3 illustrates the performance of the same
models at production scale, compared against multiple
manufacturing datasets shown in grey, with the black
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trajectory representing the specific batch, which opera-
tional settings are used as input for the simulation.

Unlike the pilot-scale scenario, the k;a predictions
at large scale do not align well with the observed data.
This mismatch indicates the limitations of the empirical
k;a, developed at pilot scale and employed at production
scale. Because of these challenges, there might be the
need for either re-calibration at production scale or a the-
oretically grounded k;a model that can scale effectively
from pilot to production.

Since the hybrid models generally overpredict k;a,
the process operates at its maximum feed ramp due to
the DO-control, whereas the purely mechanistic model
underpredicts k;q, resulting in a reduced feed rate and
deviations in both reactor fill and product predictions. No
biomass measurements are available due to limited avail-
ability at production scale.

Overall, the results demonstrate that capacitance
measurements, enables the development of a more
accurate and realistic biological model at pilot scale. In
contrast, integrating online viscosity data does not lead
to a noticeable improvement in prediction accuracy for
this case, but it also does not negatively affect the
physical k;a model. Combined with the advantage that
both, capacitance and online viscosity reduce the need
for frequent offline sampling, these findings highlight the
value utilizing online data for model development.

Cost optimization

Cost optimization was carried out using model ii at a
pilot scale, as it is known from previous work that this
model provides so far, the most robust and broadly ap-
plicable predictions [17]. This is essential for such a cost
optimization analysis in which a wide range of operational
conditions are evaluated. The primary objective is to min-
imize the overall campaign cost under specific con-
straints as elaborated in the method section.

Due to confidentiality constraints, the results in
these sections are presented in relative terms. Accord-
ingly, the individual cost factors of a fermentation pro-
cess in Table 2 are shown as percentages of the total
fermentation cost. This allows identification of each fac-
tor’s contribution under different electricity price scenar-
ios. The analysis of Table 2 reveals that as electricity
prices increase, the share of electricity costs rise sub-
stantially, from 12.4% for 0.8 DKK/kWh to 24.9% for 2.8
DKK/kWh, which is expected. Consequently, the relative
contribution of other cost factors decreases. This trend
aligns well with the general understanding of cost distri-
bution in fermentation processes: at lower electricity
prices, recovery, substrate and fixed costs dominate,
whereas at higher prices, electricity contributes more
than substrate alongside recovery and fixed costs.

Table 2: Individual fermentation cost factors at each

Lemperle et al. / LAPSE:2026.0402

electricity price, scaled by the corresponding total fer-
mentation cost.

Electricity [DKK/kWh] 0.8 1.8 2.8
Starting costs [%] 2.2 2.2 2
Electricity [%] 12.4 18 24.9
Substrate [%] 17.3 13.9 12.7
Ammonia [%] 1.9 1.5 1.4
Recovery [%] 56.6 55 50.4
Fixed costs [%] 9.6 9.3 8.6

Table 3 lists the process decision variables x across
the three electricity price scenarios. The decision varia-
bles x in Table 3 are normalized by their respective upper
bound x"**, providing insights into how intensively each
decision variable is utilized. Interestingly, fermentation
time remains nearly constant across all cases. Pressure
is found at approximately 93% of its maximum value for
the low electricity scenario and increases to almost 99%
under higher electricity prices, which is consistent with
its low-cost impact on the process. Higher headspace
pressure reduces evaporation by lowering the vapor lig-
uid driving force, thereby influencing the water balance
and indirectly affecting the mass-based calculations [15].

In contrast, energy-intensive parameters such as
agitation and aeration are significantly reduced. For ex-
ample, aeration starts at about 100% for 0.8 DKK/kWh but
drops to around 60% for 1.8 and 2.8 DKK/kWh. Agitation
already starts with 60% utilization of x"** for the low en-
ergy cost scenario and drops to 50% for the higher en-
ergy costs, which also aligns with the overall expecta-
tions, as those decision variables are directly linked to
higher electricity costs.

Table 3: Optimized decision variables x, scaled by their
corresponding upper limit x#* .

Electricity [DKK/kWh] 0.8 1.8 2.8

Aeration [%] 100 61.6 61.4
Agitation [%] 60.7 52.8 51.8
Pressure [%] 92.7 95,5 98.8
Fermentation time [%] 81.8 81.8 82.1

Syst Control Trans 5:1582-1591 (2026)

Finally, the results in Table 4 and Figure 4 are scaled
relative to the cost associated with a reasonable current
industrial standard fermentation, defined as operating all
decision variables x at their respective upper limits x/*2,
as implied in [2], [3]. Table4 summarizes the sce-
nario-specific total campaign costs. The results indicate
that rising electricity prices amplify the cost advantage of
the optimized campaign relative to a strategy in which all
operational variables are maintained at their maximum
setpoints. E.g. at a price of 0.8 DKK/kWh, the optimized
campaign costs only 80.5% of the cost of the campaign
that would result from a typical current standard strat-
egy.
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Figure 4. Campaign costs in percentage, scaled in the same manner as in Table 4.

Table 4: Total campaign costs for each electricity cost
scenario, scaled by cost of a state-of-the-art operational
strategy (x; =x")

Electricity 0.8 1.8 2.8
[DKK/kWh]
Total campaign 80.5 65.6 56.3

costs [%]

Figure 4 illustrates the campaign cost progression
across generations of the differential evolution algorithm,
scaled in the same manner as the values in Table 4. The
visualization reveals that for each electricity price sce-
nario, the optimizer convergences and successfully iden-
tifies optimal process conditions within the given con-
straints. It also reveals that the optimization finds a very
good first condition in the first generation of the optimi-
zation, which is likely caused by the broad initial LHS
screening.

The study provides an example of how a bioprocess
model can be used to evaluate the cost implications for
different electricity price scenarios. The results reveal
that operating all parameters at 100% (x; =x"**) is not the
most cost-efficient, which becomes increasingly evident
as energy prices rise. Also, the results indicate that in-
creasing energy prices primarily affect energy-intensive
operations such as agitation and aeration, which should
be scaled down to reduce costs, while pressure can re-
main near its maximum due to its negligible cost impact
[16]. Interestingly, the comparison between 1.8 and 2.8
DKK/kWh shows minimal differences in the process con-
ditions, suggesting a potential plateau in cost sensitivity
beyond a certain threshold.

Lemperle et al. / LAPSE:2026.0402
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The optimization, performed at pilot scale, assumes
constant values for agitation, aeration, and pressure
throughout the fermentation process, which may not re-
flect the most efficient strategy in practice, but should be
efficient enough for this purpose of energy cost evalua-
tion. Furthermore, the results are considered to be highly
dependent on the underlying model, scale and cost as-
sumptions, limiting their generalizability to other pro-
cesses. Future work could address time-dependent op-
erational adjustments and include a broader range of
electricity price scenarios to better capture system dy-
namics and identify potential tipping points for opera-
tional changes. Similar analysis at large scale might also
be very interesting but first requires a similar broadly ac-
curate process model . Finally, many more industrial rel-
evant business cases can be approached using the same
framework and subsequently customized for the specific
application.

Advanced control for the reactor end fill

Advanced control was implemented using the viable
cell model (model iii), which offers the advantage of in-
corporating additional online measurements into the con-
trol strategy. To imitate a realistic scenario for MPC of an
industrial fermentation process, the first step is to define
a target reactor fill and perform an optimization to deter-
mine the required initial fill, which has been done with the
same procedure as for the cost analysis. This analysis
was executed using a distorted process model to create
a discrepancy between the model and the process, as
might occur in a real case.

The mimicked fermentation process, implemented
by using the correct model and initiated with the esti-
mated start fill, is represented by the black trajectories in

1588



- 3 g - E
o X )
i ) St
£ » 3
= © <
] £ °
S 2 9
@ g
Time [h] Time [h] Time [h]
g £ ’
_ ~ <
X o 2
o £ g
[a] © T
> o
- o o
Time [h] Time [h] Time [h]
| l [ |
1
g
[}
& H 5
- E 3
g £ g
S a
=)
<
Time [h] Time [h] Time [h]

—— Actual Process (No Control)
Initial Model Prediction

—— Actual Process (Controlled)
Targeted end fill weight
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control.

Figure 5. As expected, without a corrective control mech-
anism, this leads to a reactor end fill that deviates from
the defined end fill, underscoring the need for a correc-
tive control strategy.

In contrast, the controlled fermentation process
successfully reaches the target end fill. The optimizer ad-
justs agitation and aeration by lowering their setpoints,
consequently reducing the DO-controlled feed rate and
thus the final fill. The agitation is tuned a bit more than
the aeration, which can be explained by the greater influ-
ence on the oxygen mass transfer. In addition, less aera-
tion not only reduces the feed rate, but also evaporation,
which lowers the total effect on the final weight.

Those results demonstrate the effectiveness of the
control strategy described in the Methods section. Ena-
bling sequential adjustments in which agitation and aer-
ation are modified to achieve the desired final fill, while
keeping DO close to its setpoint.

Under control, the final product concentration is
slightly lower compared to the uncontrolled scenario and
the initial model, reflecting the reduced feed addition and
corresponding decrease in biomass concentration. Nev-
ertheless, the reactor does not overfill, which is set as the
Lemperle et al. / LAPSE:2026.0402
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main objective. This scenario illustrates that, even with
an inaccurate initial model, the proposed framework can
iteratively correct the model and control the process by
fine-tuning agitation and aeration to ensure the process
meets the end fill target without violating DO constraints.

Future work should focus on implementing and val-
idating this approach in a real-world setting, which re-
quires careful consideration. System boundary condi-
tions, easily overlooked in simulations, could lead to op-
erational failures if not properly addressed. These con-
straints must be incorporated into the simulation and
thoroughly evaluated before deploying such a closed-
loop model predictive control strategy in a pilot plant en-
vironment.

Additionally, attention must be given to the time in-
tervals for evaluating control actions. These intervals
should align with process dynamics and ideally exceed
the time required by the computational framework to up-
date the model, and adjust agitation, aeration and feed
rate settings before the next evaluation point.

CONCLUSION
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This study first discusses the benefits of utilizing
online rheology and online biomass measurements for
fermentation models, emphasizing that especially the in-
tegration of capacitance data seems to improve the bio-
logical sub-model accuracy. Combined with the reduced
labor associated with offline measurements, this sup-
ports the usage of online data to tackle the resource-in-
tensive and time-consuming model development.

Secondly, the study demonstrates the applicability
of bioprocess models tailored for industrial enzyme pro-
duction, showing that electricity prices substantially in-
fluence the optimal operating strategy. The results
clearly indicate that maximizing all decision variables,
such as agitation, aeration, or fermentation time, is not
cost-efficient under the given optimization problem and
varying electricity prices. Finally, the in-silico MPC case
illustrates that an initial model-process mismatch can be
corrected in real time, enabling dynamic adjustment of
agitation and aeration to ensure that the reactor achieves
its target end-fill while maintaining DO control throughout
the process.
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