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Abstract— Digital twins can enable closed-loop optimisa-
tion in biomanufacturing, but reinforcement learning (RL)
controllers are highly sensitive to the training environment
used in simulation. In bioprocess modeling, purely data-driven
environments may achieve low prediction error while violating
physical constraints, which can degrade control performance.
This paper investigates how environment choice affects RL for
dissolved oxygen (DO) control in an Escherichia coli fed-batch
fermentation. We develop (i) a data-calibrated mechanistic
model with Monod-type kinetics and time-varying oxygen trans-
fer, and (ii) a hybrid digital model in which mechanistic features
are used as inputs to an LSTM that predicts DO one step ahead.
We compare model quality and robustness on unseen data and
then train RL agents within each environment to stabilise DO
under pulse feeding. The study highlights the trade-off between
predictive accuracy and physical consistency when using hybrid
models for RL training and provides guidance for selecting
simulation environments that yield robust control policies.

I. INTRODUCTION

Sustainability goals and the rising demand for bio-based
products are driving rapid progress in biomanufacturing. A
key step toward modern biomanufacturing was the work of
Cohen and Boyer in 1973. They constructed recombinant
plasmids carrying foreign genes in Escherichia coli [1].
This enabled microbial production of industrial enzymes
and therapeutic proteins, including human insulin [2], [3].
More recently, synthetic biology has enabled the design of
improved and even novel biosynthetic pathways. This shift
has expanded the applications in biofuels, food ingredients,
and biopharmaceuticals, and it continues to drive growth in
the biosolutions sector [4]–[7].

Industrial bioprocess control is complex. To achieve high
product yield and productivity, fermentations must be mon-
itored and controlled near their best operating conditions
[8], [9]. In practice, the bioprocess industry often remains
below this level of digital maturity. A main reason is the
stochastic nature of biological systems and the limited un-
derstanding of intracellular metabolism [10]. Data-grounded
dynamic models (digital twins) have been used at full scale
to reproduce fast DO and nitrogen-species dynamics under
varying aeration patterns, enabling scenario analysis and
mitigation strategies [11]. However, metabolic pathways can
be highly sensitive to changes in operating conditions [12],
[13], this makes accurate kinetic modeling difficult. One way
to improve prediction is to combine mechanistic models with
data-driven models [14]–[16]. Such hybrid models can use

1Department of Chemical and Biochemical Engineering, Technical Uni-
versity of Denmark, Denmark

2Department of Chemical and Materials, University of Auckland, New
Zealand

plant data to improve simulation accuracy (often described
as a digital shadow) [14], [17]. Better prediction of process
states supports better control decisions and reduces plant–
model mismatch [18].

Reinforcement learning (RL) has also gained attention in
bioprocess research. RL can handle nonlinear and stochas-
tic control problems, and it has been used for parameter
determination [19] and process control [12], [20]–[24]. For
example, Petsagkourakis et al. used a policy-gradient method
for bioprocess optimisation in a simulated setting with distur-
bances [12]. However, their state variables included substrate,
product, and biomass, which are usually not available online.
Espinel-Rı́os et al. studied RL architecture improvements
using E. coli simulation case studies and a policy-gradient
method [24]. Treloar et al. applied neural fitted Q-learning to
optimise bang–bang feeding for an E. coli co-culture, using
a Monod-type model as the environment [20]. For RL, these
the training environments matter because the it shapes what
the agent learns. If the environment is not robust, the learned
policy may fail when applied to unseen runs or disturbances.

Most RL studies in bioprocess control train agents using
in silico data from mechanistic models with simplified dy-
namics or arbitrarily chosen parameters. Many studies also
assume that key state variables, such as biomass, substrate,
and product concentrations, can be measured at any time.
These assumptions limit implementation and validation for
two reasons. First, simplified mechanistic simulations may
not represent real processes well. They can miss real dis-
turbances, nonlinear behavior, and changing dynamics. As a
result, learned policies can be fragile and hard to transfer
to plant operation. Second, the RL agent must observe the
system states to choose actions. Direct online measurement
of these state variables is rarely available in practice [14],
[25], [26].

To address this issue, RL training environments can be
built from digital twins calibrated with real fermentation
data. One option is a data-grounded mechanistic model,
which helps the environment reflect real process behaviour
and preserves physical structure. Another option is a hybrid
approach that combines a mechanistic backbone with a data-
driven model trained on process data, which can capture
complex dynamics that are difficult to represent purely
mechanistically.

In this work, we develop two RL training environments
from real fed-batch fermentation data. The first is a data-
grounded mechanistic model fitted to biomass, substrate, and
dissolved oxygen (DO) measurements, providing an inter-
pretable description of the dominant process dynamics. The



second is a hybrid model in which a long short-term memory
(LSTM) network predicts DO dynamics from mechanistic
features (e.g., biomass/substrate rates and aeration variables).

We then test how the learned policies depend on the
training environment by evaluating each trained controller
in closed-loop simulations and benchmarking DO stability
against a baseline strategy. This isolates whether better model
fit leads to better control, and whether the policy generalises
beyond environment-specific artefacts.

II. METHODS

A. Fermentation data

Fermentation data are obtained from experiments using
E. coli cultivated in fed-batch mode in a bang-bang feeding
control. A concentrated glucose solution (500 g/L) is fed at
0.5 mL/min whenever DO (in % saturation) rises to 60%, and
feeding is stopped when DO falls to 25%. The DO in %sat
is converted to concentration (c∗O) by the following formula
[27]:

c∗O = 0.027 · e 1142
T · π (1)

where the temperature T is 310.15 K and π is the partial
pressure of oxygen (0.2095 atm). This gives a saturation
concentration at 0.225 mM at 37 ◦C. The initial conditions
of the fermentation process are listed in Table I.

TABLE I
FERMENTATION INITIAL CONDITIONS

Parameter Description Value Unit
X0 Biomass concentration 0.12 g/L
S0 Substrate concentration 10.66 g/L
P0 Product concentration 0 g/L
DO0 Oxygen tension 0.225× 0.88 mmol/L
V0 Working volume 0.70 L

B. Batch fermentation modeling

1) Mechanistic model: A dynamic model of a fermenta-
tion can be used to forecast the evolution of state variables
of the fermentation, acting as a digital shadow [28]. The
substrate and biomass can be modeled to follow Monod-type
kinetics with oxygen dependency, given by [29]:

dX

dt
= µmax · S

S +KS
· cO
cO +KO

·X (2)

where dX/dt is the cell growth rate, µmax is the maximum
specific growth rate, S is the substrate concentration, KS is
the Monod half-saturation constant, cO the concentration of
dissolved oxygen, KO the Monod half-saturation constant
for oxygen, and X is the biomass concentration. For the
substrate,

dS

dt
= −qs ·X (3)

where qs is given by:

qs =

(
qs,max · S

S +KS
· cO
cO +KO

)
(4)

with qs,max being the maximum specific substrate consump-
tion rate. Lastly, for the product as well,

dP

dt
=

YPS

YXS
· dX
dt

(5)

where YPS product yield on substrate and YXS is the
biomass yield on substrate. Equations 2-5 describe the dy-
namics of a batch process, while fed-batch models take dilu-
tion into account [30], [31]. However, in fed-batch processes
where feeding is given in a on/off form by bolus injections
(like bang-bang control), it is not possible to model the
dilution continuously. The dilution effect is instead taken
into account after discretising the ODEs (Eq. 6, 2, and 3)
and modeling the addition of a substrate shot. In the current
study, the feeding logic applied is based on DO. That is,
if DO reaches 60 %sat, substrate shots are added until the
DO falls below 25 %sat again, at which point the controller
waits. This logic ensures that the population is replenished
with substrate when depleted (indicated by a high DO). The
simulated substrate concentration is updated discretely at
each time step by adding a substrate shot when the feeding
condition is met. Since this feeding logic consistently updates
the substrate based on online measurements, the biomass is
also dependent on the data measurements and is simulated
likewise. Modeling the DO can be done mechanistically as
suggested by literature [32]–[34]:

dcO
dt

= kLa · (c∗O − cO)− qo ·X (6)

where kLa is the oxygen mass transfer coefficient and qo is
the oxygen-dependent substrate consumption rate, calculated
as

qo = (qs + qm) · YOS (7)

with qm being the maintenance coefficient (g/(g · h)), and
YOS is the oxygen yield per unit substrate.

Since process conditions (for example aeration, agitation
and broth viscocity) may vary over time, kLa is time-
dependent during a fed-batch fermentation. However, if kLa
is estimated, the oxygen can be simulated and respond to
changes in substrate and biomass dynamics (Fig. 1).

Fig. 1. The mechanistic modeling framework.

2) Hybrid model: Biomass, substrate, and product dy-
namics are relatively well captured by mechanistic models,
but DO is more difficult to model due to time-varying
mass transfer, metabolic shifts, and sensor delays. To better
represent these effects, a hybrid model is developed that
combines mechanistic kinetics with a data-driven grey-box



term based on a long short-term memory (LSTM) network.
LSTMs are recurrent neural networks with memory that
capture temporal dependencies and predict the next state
from past information [35]. In this work, the mechanistic
model provides physically meaningful features, while the
LSTM learns the remaining DO dynamics from data [36],
[37] (Fig. 2).

Fig. 2. Hybrid model structure for the fermentation process.

At each time step, biomass, substrate, and product are sim-
ulated using the Monod-based equations (Eqs. 2–5). From the
current state (Xt, St) the mechanistic rates (dX/dt, dS/dt)
are computed and form the feature vector

ut = [ dX/dt, Xt, dS/dt, kLa(t) ].

This feature vector is then used by the LSTM to predict the
DO at the next time step, DOt+1. Using current mechanistic
features to predict the next DO preserves temporal causality
and avoids circular dependencies.

All input features are stacked and normalised before
training. The dataset is split into training and testing sets
(60/40) and arranged into sequences of 50 samples (look-
back window). The LSTM includes one hidden layer with
16 units and a single output node for DO. The network is
trained for 100 epochs with a batch size of 64. The model
is implemented in PyTorch, and the fitted scalers are saved
for later use.

C. Reinforcement learning control

Control problem design The control problem is for-
mulated as a discrete Markov decision process consisting
of the state space, action space, transition probability, a
reward function, and finally the discount factor (S, A, P ,
R, γ). S consists of six dimensions of process variables
(biomass, substrate, product, oxygen, volume, time). A is
discretely defined as A = {wait, 1 mL, 1.5 mL} dosing.
P is determined by the mechanistic/hybrid model. A multi-
objective reward function (R) is designed that rewards stable
DO but penalises excessive and insufficient substrate feeding
as this would also result in stable DO. The final component
of the MPD is the discount factor γ, which is set to 0.95 to
balance immediate and future rewards.

Learning algorithm and architecture Deep Q-Networks
(DQN) is used as a learning algorithm for the agent due to
its simple application and discrete action spaces. The neural

network consists of an input layer of 6 nodes (state dimen-
sion), hidden layer of 4 nodes (relatively low complexity),
and finally an output layer of 3 nodes determined by the
action space. ϵ-greedy exploration is balanced by applying
an initial ϵ = 1 with a decay rate of 0.995 per episode
to exploit rewarding actions in later episodes. Experience
replay (the memory of the agent) is managed by having a
buffer size of 2000 transitions (default), and a batch size
of 32 samples (default). A learning rate of α = 0.001 is
used (default). Training is performed over 500 episodes,
with each episode representing a complete fermentation run.
However, the fermentation run is cut to the initial 14 hours
to avoid excessive computational expense of the remaining
process, which is regarded as repetitions. Training progress is
evaluated as the total rewards of one episode (the return). The
agent’s training is then evaluated by its policy performance.

Benchmarking environments and controllers The fi-
delity of the models is assessed through their ability to
capture the dynamics between substrate feeding and DO
response. When substrate is introduced to an actively grow-
ing culture, the immediate consequence is an increase in
oxygen uptake rate, showing a characteristic decline in DO.
This fundamental physiological response serves as a critical
benchmark for evaluating whether the models accurately
reproduce the underlying biological system.

Controller performance is evaluated by examining oxygen
process trajectories under closed-loop control. The number
of oscillation cycles and the amplitude of DO are used
as a performance indicator. Peaks and lows are identified
within this region using the find peaks function from the
SciPy library. Then, the high-to-low amplitude is calculated
for each oscillation cycle and is averaged to constitute the
performance indicator together with the number of oscillation
cycles within that period. Here, 6-14 hours are chosen, since
the controller is active in this window, and to reduce the
computational expense of simulating the remaining process.

III. RESULTS AND DISCUSSION

A. Mechanistic modeling

Modeling the sharp rises and drops of the DO required
careful fine tuning of parameters. The workflow depicted in
Fig. 1 is used to model the biomass and substrate trajectories
(Fig. 3A-B), and the time-dependent kLa is calculated using
Van’t Riet’s equation [38] to simulate the oxygen profile (Fig.
3C-D).

The time-dependent kLa was used to predict the sudden
rises in the DO at 2.4 hours and 4.4 hours which resulted
from an increase in agitation and aeration rate, and is
considered to be fairly accurate (RMSE = 0.081). It was
observed that the overall trend of the simulated DO showed
greater oscillation amplitudes than the real data (Fig. 3D),
possibly due to change in viscocity not reflected in the model.
However, the simulation converged well the to measured
DO regarding the instantaneous jumps due to increased
kLa in the initial hours and the sharp oscillations during
pulse feeding in the later hours. The simulated biomass and



Fig. 3. Mechanistic model predictions: A) Biomass, B) Substrate, C-D)
Oxygen profiles, using parameters that resulted in a low RMSE between
modeled and measured dissolved oxygen.

substrate profile also matched the measured data well (Fig.
3A-B), although the substrate was undetectable after 5 hours.

B. Hybrid modeling

Pure mechanistic modeling of such complex oxygen dy-
namics is nontrivial and with the risk of overfitting pa-
rameters to measurement noise. For these reasons, a data-
driven hybrid approach is constructed using LSTM to predict
the DO. Here, a set of parameters and models for biomass
and substrate are used as input features to the model, that
uses these to predict the DO (Fig. 4D). The dashed line
indicates the split in training and testing predictions for the
DO. The first 60 % of the DO data were used for DO
training predictions and the remaining 40 % for DO testing
predictions.

Fig. 4. Hybrid model predictions: A) Biomass, B) Substrate, C-D)
Dissolved oxygen (DO). The dashed line indicates the split of training and
testing data.

Looking at Fig. 4D, the training predictions from 0-6 hours
followed the measured DO very accurately, whereas the
remaining training and model evaluation (testing predictions)

were less accurate. However, the model still appeared to
capture the oscillating trend in the oxygen profile well (test
RMSE = 0.051). Comparing with the mechanistic model,
the hybrid performed better when considering RMSE solely.
When determining which model is better as an RL envi-
ronment, other factors must be considered. For example,
the delay from the DO sensor signal to pump activation
to increased metabolic activity is not represented in the
simulation as in the real data. Thus, a small offset may have
a large impact on the RMSE in the mechanistic approach.

C. Control using Reinforcement learning

1) Training: The training progress of the agent trained
on the mechanistic environment is illustrated in Fig. (5). The

Fig. 5. Training progress of the RL agent based on the mechanistic model
using 500 episodes. One episode corresponds to a fermentation simulation
from 0-14 hours.

training progress indicates that the agent picks up an optimal
policy within 500 episodes, since the return is not increasing
hereafter. Therefore, 500 episodes were the training load for
further runs to reduce computational expense. The return has
a large variance at the beginning of the training, indicating
an unstable training. However, the return is reaching a stable
plateau, which can be explained as the trade-off between
exploration and exploitation.

2) RL perfomance based on the mechanistic model:
Figure 6 shows the decision making of the reinforcement
learning agent from the last episode of training using the
mechanistic model as an environment. The rapid jumps in the
DO at 2.4 hours and 4.4 hours are caused by increased kLa.
This control strategy results in 6 oscillations after 6 hours
and an average amplitude of 0.167 mmol/L. The performance
of the reinforcement learning-based controller was compared
with a standard bang-bang fed-batch fermentation. Com-
pared to the bang-bang controlled process, the RL-controlled
simulated fermentation demonstrated a more robust control,
exhibiting less oscillation cycles, reduced by 93 %.

3) RL performance based on the Hybrid model: Figure 7
shows the decision making results of the reinforcement
learning agent based on the hybrid model as an environment.
Looking at the DO process trajectories (Fig. 7), the decision
making of the RL agent appears more obscure and it is
difficult to elucidate a systematic pattern between DO and



Fig. 6. RL control performance based on the mechanistic model: A) Actions
taken, B) DO, C) Biomass and D) Substrate profile (the small feed option
corresponds to 1 mL, and the large dosage is 1.5 mL).

Fig. 7. RL performance: A) Actions taken (The small feed option
corresponds to 1 mL, and the large dosage is 1.5 mL), B) Dissolved oxygen,
C) Biomass, D) Substrate profile.

substrate availability, as was the case for the mechanistic
environment. Still, the DO was accurately jumping from a
low level (9.5 hours) to a higher level as there was no longer
substrate consumption. Besides, there was no physically
plausible relationship between the DO and substrate concen-
tration, and the mild oscillations towards the end appeared
logically reversed. That is, a small substrate addition caused
a small spike in the DO. This finding indicates that the LSTM
hybrid critically failed to capture true dynamics between
oxygen and substrate concentrations. Small temporal offsets
between feeding, oxygen uptake, and measured DO may
therefore be learned as correlations rather than causal process
dynamics. Hence, the hybrid could potentially perform better
if it was trained with richer features, more training data and
if the oxygen data were less delayed and less oscillating.

Considering the mechanistically-derived environment, the
initial oxygen increase at hours 2.4 and 4.4 was well reflected
by the increase in kLa, and the low oxygen tension was the
result of constant co-consumption of oxygen and substrate.

The LSTM-derived environment, on the other hand, was
less physically correct in this context (Fig. 7). Hence, while
the LSTM-based hybrid model achieved a better fit on
the fermentation data, it risks learning data artifacts and
sensor delays instead of true oxygen-substrate dynamics.
This supports the broader view that model assessment must
be aligned with intended use (e.g., decision-making and
control), rather than relying only on short-horizon predictive
accuracy [39].

IV. CONCLUSIONS

This paper investigated reinforcement learning (RL) con-
trol of dissolved oxygen (DO) in an E. coli fed-batch fermen-
tation using two data-grounded digital twin environments.
A calibrated mechanistic model and a hybrid LSTM-based
model were developed from the same experimental dataset.
Although the hybrid model achieved lower DO prediction
error, it did not preserve the expected physical relationship
between substrate feeding and DO response.

The DQN controller trained in the mechanistic environ-
ment produced more robust DO control. It reduced DO
oscillation cycles by 93% compared with the baseline bang-
bang feeding strategy and also reduced oscillation amplitude.
In contrast, the controller trained in the hybrid environment
performed poorly because the learned DO dynamics were
less physically consistent.

These results show that prediction accuracy alone is not
sufficient when selecting RL training environments for bio-
process control. The environment must also preserve mean-
ingful action–state relationships. Future work will include
physically constrained hybrid models, sensing and actuation
delays, parameter uncertainty, comparison with PID and
MPC, and validation in real fermentation experiments.
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