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a b s t r a c t

The growing demand for sustainable energy has intensified interest in biohydrogen production under
extreme environmental conditions. This study presents a numerical simulation of hydrogen production
in a high-temperature, high-pressure batch bioreactor system designed to mimic depleted hydrocarbon
reservoir environments. The model captures microbial fermentation dynamics using dual substrates
glucose and n-hexadecane under varying temperature (35–70 ◦C), pressure (1–40 atm), salinity (0–50 g/L
NaCl), and surfactant-enhanced availability (α = 1–12). Monod kinetics with product (Hydrogen) and
salinity inhibition terms govern biomass growth and substrate consumption. Gas accumulation is
modeled using Henry's and ideal gas laws, while thermal behavior is represented using lumped heat
transfer and Arrhenius-based growth scaling. Initial conditions include 10 mmol/L glucose, 1 mmol/L
hexadecane, and 0.1 g/L biomass in a 1.0 L batch system at 55 ◦C. Over 24 h, the model predicts a
maximum hydrogen accumulation of 4.34 L, with a final H2 purity of 89.6% and biomass concentration
of 1.20 g/L. Parametric simulations reveal that 55 ◦C yields the highest hydrogen output (3.31 mol/mol
substrate), while increasing salinity and pressure reduce biomass and gas evolution. Surfactant addition
significantly improves hydrocarbon utilization, reducing hexadecane from 1.0 to 0.12 mmol/L at α = 12,
with up to 72.8% yield enhancement. Glucose drives early hydrogen evolution, while hexadecane
contributes to sustained production under co-metabolic conditions. All equations were solved using
Python with parametric looping and ODE integration. This simulation framework provides a robust tool
for evaluating microbial-enhanced hydrogen recovery (MEHR) and optimizing reactor design conditions
for biohydrogen generation in repurposed subsurface reservoirs.

© 2025 Chinese Petroleum Society. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Hydrogen is increasingly recognized as a key enabler of the
global transition toward low-carbon energy systems
(Umunnawuike et al., 2024). Among the various production

methods, biological hydrogen production via dark fermentation
offers a sustainable and scalable alternative that utilizes organic
substrates such as carbohydrates, waste biomass, and even hy-
drocarbons under anaerobic conditions (Goria et al., 2022; Jain
et al., 2024). This microbial process is typically powered by ther-
mophilic or halophilic consortia, which can metabolize substrates
at elevated temperatures (≥50 ◦C) and high salinity conditions
commonly found in depleted oil and gas reservoirs (Gupta et al.,
2024). As a result, these subsurface formations have been pro-
posed as promising geobiological environments for in situ
hydrogen generation using tailored microbial systems.
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To visualize this concept, Fig. 1 presents a schematic overview
of microbial hydrogen production within a depleted hydrocarbon
reservoir. Here, residual oil components (e.g., n-alkanes) serve as
carbon sources, either alone or in co-metabolism with simpler
substrates like glucose or organic rich wastewater. Hydrogen
produced via microbial metabolism accumulates in the pore space
and can be recovered using existing well infrastructure (Vilc�aez
and Chowdhury, 2025). This approach often referred to as micro-
bial enhanced hydrogen recovery (MEHR) could convert unused
reservoirs into low-carbon energy assets while avoiding land and
infrastructure costs associated with surface bioreactors.

Despite the growing interest in MEHR, current experimental
studies are largely limited to ambient-pressure, serum-bottle sys-
tems that do not capture the thermodynamic and transport condi-
tions of real reservoirs. For instance, Veshareh et al. (2022)
demonstrated hydrogen production from n-hexadecane and crude
oil using Thermotoga strains at 60–70 ◦C. However, their experi-
ments were conducted in sealed vials under atmospheric pressure,
without simulating reservoir-relevant parameters such as hydro-
static pressure (up to 40 atm), salinity (up to 50 g/L NaCl), or
diffusion-limited mass transfer (Veshareh et al., 2022). As a result,
there remains a clear gap in understanding thebehaviorofmicrobial
fermentation systems under subsurface-relevant conditions.

To address this gap, the present study develops a numerical
simulation model of hydrogen production in a virtual high-
pressure, high-temperature batch bioreactor designed to mimic
the thermophysical environment of depleted reservoirs. The
simulation includes dual-substrate fermentation using glucose
and n-hexadecane, with the latter's limited solubility addressed
through a surfactant enhancement factor based on Veshareh's
reported 12 × yield improvement. The microbial kinetics are
governed by Monod models with inhibition terms for hydrogen
partial pressure and salinity, while thermal response is modeled
using Arrhenius-based correction and convective heat loss. Gas-
phase accumulation follows Henry's and ideal gas laws to track
headspace hydrogen volume and purity (Nadal-Rey et al., 2022).

Fig. 2 presents the hypothetical flow diagram of the batch
bioreactor system modeled in this study, including key elements
such as substrate input, microbial growth, hydrogen generation,
and gas accumulation. The reactor can be pressurized with Ni-
trogen gas and temperature maintained with heating element to
mimic reservoir condition. All simulations were implemented in

Python using parametric loops over temperature (35–70 ◦C),
pressure (1–40 atm), salinity (0–50 g/L), and surfactant factor
(α = 1–12), producing time-resolved outputs for biomass, substrate
degradation, and hydrogen evolution. This framework offers a
scalable and reproducible tool for pre-screening bioreactor con-
ditions and supports the long-term feasibility of deploying mi-
crobial hydrogen production strategies in real geological
formations. In doing so, it advances the field beyond lab-scale
observations toward practical, field-informed system design.

2. Methodology

2.1. Overview of simulation approach

This study adopts a numerical modeling approach to simulate
biohydrogen production under high-pressure, high-temperature,
and saline conditions representative of depleted hydrocarbon
reservoirs. Instead of fabricating a physical bioreactor, the entire
system was implemented as a mathematical model coded in Py-
thon. This approach enables a parametric understanding of how
key environmental variables including temperature, pressure,
salinity, and surfactant-enhanced substrate availability affect
hydrogen yield and microbial performance in anaerobic systems.

The simulation is structured around solving a set of coupled or-
dinary differential equations (ODEs) that describe biomass growth,
substrate consumption, hydrogen generation, and energy balance.
These equations are parameterized with biologically relevant con-
stants extracted from literature and calibrated against experimental
studies such as Veshareh et al. (2022) for hexadecane fermentation
and Gupta et al. (2024) for thermophilic glucose fermentation. By
integrating both substrates into a dual-pathway fermentation
model, the simulation captures co-metabolism and substrate inter-
action effects that are often observed in microbial consortia.

The simulation environment assumes a batch bioreactor oper-
ating under reservoir-like conditions, including anaerobic opera-
tion, static liquid phase (no agitation), and external temperature
control. This allows for a realistic approximation of subsurface
constraints such as diffusion-limited mass transfer and thermo-
dynamic feedbacks. Simulations were conducted over 24-h pe-
riods to reflect complete batch cycles, with outputs evaluated
across multiple operating conditions to assess performance trends
and optimize system parameters for potential field deployment.

Fig. 1. Conceptual illustration of biohydrogen production in depleted hydrocarbon reservoir.
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2.2. Microbial kinetics and reaction modeling

Microbial growth and hydrogen production in the simulation
are modeled using Monod-type kinetics with substrate-specific
and environmental inhibition terms. The Monod equation relates
the specific growth rate (μ) to substrate concentration, reflecting
saturation-limited microbial behavior. For glucose and n-hex-
adecane, independent substrate consumption equations are
modeled, each scaled by the respective yield coefficients and
growth rates. The glucose pathway primarily supports rapid
biomass generation, while hexadecane provides sustained
hydrogen production through slower hydrocarbon degradation.
This dual-substrate strategy mimics co-metabolism behavior
observed in mixed cultures, such as Thermotoga and Clostridium
species (Sarangi and Nanda, 2020; Ziara et al., 2019).

The complete growth rate expression incorporates inhibition
by hydrogen partial pressure and salinity, two key constraints in
subsurface environments. Hydrogen accumulation in the reactor
headspace reduces fermentation efficiency by inhibiting hydrog-
enase activity, awell-documented effect in dark fermentation. This
is modeled using a non-competitive inhibition term as shown in
equation (1) (Medina et al., 2024; Wu et al., 2024):

μ= μmax
S

Ks + S
1

1+
PHs
KpI

1

1+

(

CNaCl
KSaltI

)n (1)

Where μ is the effective growth rate (h− 1), Seff is the effective
substrate concentration (mol/L), Ks is the half-saturation constant,
PH2 is the hydrogen partial pressure (atm), CNaCl is the salinity (g/
L), and KSaltI and KpI are inhibition constants. The exponent n cap-
tures non-linearity in salinity inhibition, typically set to 2 for os-
motic stress modeling. This equation enables simulation of growth
deceleration under adverse environmental conditions reported in
halophilic and thermophilic systems (Imai, 2024).

Substrate degradation is directly linked to microbial growth
through yield coefficients YX/S (Equation (2)), while hydrogen

production is calculated using substrate-specific hydrogen yields
YH2/S (Equation (3)). For co-metabolism, total hydrogen production
is the sum of contributions from glucose and hexadecane degra-
dation (Equation (4)) which is directly linked to biomass growth
via the yield coefficient YX/S.
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where G and H refer to glucose and hexadecane concentrations.
The simulation accounts for nonlinear dynamics where glucose
supports initial biomass proliferation, thereby enhancing enzy-
matic access to hexadecane, a phenomenon supported by
Veshareh et al. (2022).

2.3. Thermodynamic and gas phase modeling

To simulate hydrogen accumulation and gas-phase behavior in
the reactor, thermodynamic relationships are incorporated using
Henry's law and the ideal gas law (Equation (5)). Hydrogen pro-
duced via microbial metabolism is assumed to instantaneously
partition into the gas phase. The equilibrium concentration of
dissolved hydrogen in the liquid phase can be evaluated using
equation (5) (Kaydouh and El Hassan, 2022; Li et al., 2024).

CliquidH2
=Hc(T): PH2

(5)

where Hc(T) is the temperature-dependent Henry's constant (mol/
L⋅atm) and PH2 is the partial pressure of hydrogen in the head-
space. The relationship between gas-phase hydrogen concentra-
tion and liquid inhibition allows feedback from gas accumulation

Fig. 2. Hypothetical flow diagram of the simulated batch bioreactor system.
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to impact biological kinetics (Kaydouh and El Hassan, 2022). The
total volume of hydrogen gas accumulated in the reactor head-
space is estimated using the ideal gas law (Equation (6)):

VH2
=
nH2: RT

P
(6)

Here, nH2 is the number ofmoles of hydrogen, R is the universal gas
constant (0.0821 L atm/mol⋅K), T is the absolute temperature, and
P is the operating pressure. This allows direct calculation of gas
volume under varying reactor conditions, enabling purity esti-
mates when total gas composition is considered. Pressure-
dependent inhibition is linked back into microbial kinetics
through the PH2 term, creating a thermodynamic-biological feed-
back loop. The model assumes no hydrogen loss from the system
(closed batch) and instantaneous equilibrium between gas and
liquid phases assumptions that reflect static reservoir-like condi-
tions with limited mass transfer.

2.4. Heat transfer and temperature dynamics

To account for reactor thermal behavior under subsurface-
mimicking conditions, the model includes a lumped-parameter
energy balance that simulates temperature change within the
reactor volume. Given that microbial heat production is negligible
compared to external heating input, the primary driver of tem-
perature dynamics is heat exchange with the surrounding envi-
ronment. This is modeled using Newton's law of cooling (Equation
(7)) (Aghajani Delavar and Wang, 2022; Basak et al., 2022).

ρCp
dT
dt

=
Q
V
=
h A (Text − T)

V
(7)

Where ρ is the broth density (kg/m3), Cp is the specific heat (J/
kg⋅K), h is the convective heat transfer coefficient, A is the surface
area (m2), Text is the jacket temperature, and T is the reactor in-
ternal temperature. Themicrobial heat generation is neglected due
to the relatively small metabolic enthalpy changes compared to
external thermal control systems (Pratiwi et al., 2015a).

Temperature also directly affects microbial activity, so an
Arrhenius correction (Equation (8)) is applied to the specific
growth rate to simulate the influence of thermal conditions on
enzyme kinetics. This is implemented as a multiplicative factor.

f (T)= exp
(

−
Ea
RT

)

(8)

Where Ea is the activation energy of microbial enzymes (typically
50–70 kJ/mol), and R is the universal gas constant. This ensures
biologically plausible temperature-growth coupling.

This correction allows microbial growth and substrate utiliza-
tion to be sensitive to deviations from the optimal temperature
range. For thermophilic strains like Thermotoga or Clostridium
thermocellum, this range is typically 55–70 ◦C (Gupta et al., 2024).
For baseline simulation, temperature is held constant (55 ◦C), but
varied parametrically to assess performance sensitivity. This al-
lows the model to reveal trade-offs between growth acceleration
at higher temperatures and enzyme denaturation or substrate
instability.

2.5. Surfactant enhancement of hydrocarbon bioavailability

To model the enhanced availability of hydrophobic substrates,
the simulation incorporates a surfactant effectiveness factor (α),
which modifies the effective substrate concentration and the
hydrogen yield from hexadecane. This factor represents the

emulsification and dispersion effects of biosurfactants or additives
like Tween 80, which have been experimentally shown to increase
substrate surface area and improve microbial access (Veshareh
et al., 2022).

In this model, the surfactant effect is implemented in two
complementary ways. First, the effective concentration of hex-
adecane is scaled as Heff = α. H, where α ranges from 1.0 (no sur-
factant) to 12.0 (high enhancement), based on empirical findings
from Veshareh et al. (2022) where up to 12 × improvement in
hydrogen yield was reportedwhen surfactant was added alongside
glucose. Secondly, in scenarios where hexadecane acts as a sec-
ondary substrate in co-metabolism, the surfactant factor is applied
directly to the yield coefficient. where β≈α reflects the propor-
tional gain in hydrogen productivity per mole of hexadecane
(Equation (9)). These approaches allow the model to simulate not
just microbial kinetics but also the physicochemical effect of
emulsification on hydrocarbon utilization.

Including this factor is critical to accurately simulate reservoir
conditions where oil-water interfaces dominate the microbial
environment, and substrate accessibility is often the limiting fac-
tor for biohydrogen production. By varying α in the simulation
from 1 to 12, the model reveals how surfactant-enhanced co-
metabolism can overcome the bioavailability bottleneck and
significantly improve both substrate utilization and total hydrogen
yield. It also helps interpret trade-offs between surfactant cost and
yield gains in future techno-economic assessments of MEHR
systems.

YeffectiveH2=H
= β: YbaseH2=H (9)

2.6. Parametric simulation design

To explore the influence of environmental and operational
variables on biohydrogen production, a parametric simulation
framework was developed using nested loops in Python. This
structure allows systematic variation of key reactor conditions to
observe their effects on hydrogen yield, substrate degradation, and
microbial growth. The parameters selected include temperature
(35, 45, 55, 70 ◦C), pressure (1, 10, 20, 40 atm), salinity (0, 15, 30,
50 g/L NaCl), and surfactant enhancement factor (α = 1, 3, 6, 12).
Each of these variables is independently looped within the code,
with the model equations solved iteratively using scipy.integrate.
odeint for a fixed 24-h batch cycle. This approach enables a full-
factorial sweep or targeted subset analysis, depending on the
research focus.

For each simulation run, the model records time-resolved
outputs for biomass concentration, substrate consumption
(glucose and hexadecane), hydrogen accumulation (in mol and L),
and system temperature. At the end of each loop, key summary
statistics are computed, including final hydrogen yield (mol/mol
substrate), hydrogen volume (L), yield enhancement (%), and
remaining substrate concentrations. These results are saved in.csv
format and visualized using matplotlib, allowing generation of
time-series plots, bar charts, and visualizations. The simulation is
configured to automatically track and compare performance
across the parameter space, enabling efficient identification of
optimal reactor conditions.

This parametric structure is essential to understanding the
system's sensitivity to environmental stressors. For instance,
simulations reveal that while hydrogen yield increases with tem-
perature up to 55 ◦C, further increases reduce biomass due to
thermal stress. Similarly, moderate salinity (15–30 g/L) can be
tolerated by halophilic consortia, but performance sharply
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declines at 50 g/L. The simulation also captures non-linear effects
such as the diminishing returns of surfactant enhancement and
how they interact with pressure-induced gas solubility. This
comprehensive design makes the model not just a predictive tool,
but also a framework for optimization and feasibility analysis in
biohydrogen process engineering.

2.7. Initial conditions and model assumptions

To accurately represent the fermentation conditions typical of a
reservoir-mimicking bioreactor, a standardized set of initial con-
ditions was applied across all simulation runs. The initial biomass
concentration was set at 0.1 g/L, representing a modest microbial
inoculum reflective of start-up or in situ reservoir enrichment.
Substrate concentrations were initialized at 10 mmol/L for glucose
and 1.0 mmol/L for n-hexadecane, based on co-metabolic studies
in dark fermentation systems (Veshareh et al., 2022). The base
temperature was fixed at 55 ◦C, corresponding to optimal activity
ranges for thermophilic anaerobes, while baseline pressure was
set at 1 atm. Salinity was initialized at 0 g/L NaCl and increased in
defined steps up to 50 g/L to simulate formation water conditions.

Several critical assumptions were made to simplify the model
while retaining biological and physicochemical realism. First, the
reactor was assumed to be perfectly mixed, with uniform con-
centrations of biomass, substrates, and products throughout the
volume. This allowed the use of a lumped-parameter model
without spatial gradients. Second, microbial decay was not
included in the simulation timeframe, as the 24-h batch duration
is typically dominated by growth and product formation. Third,
the reactor was modeled as gas-tight, meaning no loss of hydrogen
to the environment. Gas-liquid equilibrium was assumed to occur
instantaneously, making hydrogen concentrations in the liquid
and gas phases always conform to Henry's law.

Additionally, mass transfer limitations were not explicitly
modeled, but diffusion constraints were indirectly represented
through the surfactant enhancement factor and dual-substrate
interactions. External temperature control was assumed to be
effective and stable, based on typical lab- or reservoir-style ther-
mal regulation via heating jackets or geothermal gradients. Energy
input from microbial metabolism was considered negligible
compared to external sources and thus excluded from the heat
balance. These assumptions, though simplifying, are consistent
with those used in prior computational and experimental studies
of dark fermentation and provide a solid foundation for evaluating
process behavior under a wide range of environmental conditions
(Imai, 2024; Mamimin et al., 2015; Pratiwi et al., 2015b).

2.8. Model implementation and integration

The entire simulation framework was implemented in Python
3.11 using standard scientific computing libraries, including
NumPy, SciPy, and Matplotlib. The system of ordinary differential
equations (ODEs) describing biomass growth, substrate con-
sumption, hydrogen generation, and temperature dynamics was
numerically solved using scipy.integrate.odeint, which applies
adaptive Runge-Kuttamethods for stiff and non-stiff systems. Each
ODE function was modularized within a reactor_model.py file,
where growth kinetics were computed based on the current state
variables and parameter set passed during runtime. The modular
structure allows flexible extension to include additional pathways,
such as VFAs or gas stripping, if needed. All model parameters and
initial conditions were imported from a centralized configuration
file (parameters.py) to ensure consistency across simulation runs.

For parametric studies, nested loops were implemented in a
simulation.py script to automate simulation across all

combinations of temperature, pressure, salinity, and surfactant
factors. Each simulation run generated time-series data for
hydrogen volume, biomass, substrate concentrations, and system
temperature. Outputs were saved as.csv files and visualized using
Matplotlib, enabling fast comparison of trends across different
environmental scenarios. Code validation was performed by
comparing model outputs under base conditions to benchmark
results from Veshareh et al. (2022) for hexadecane fermentation
and Gupta et al. (2024) for thermophilic glucose-based systems.
This implementation ensures computational reproducibility, and
the codebase is designed to be portable across systems for rapid
prototyping and educational use.

2.9. Output metrics and visualization

The simulation framework produces both time-series data and
summary metrics that describe system performance under each
set of operating conditions. Key time-resolved outputs include
biomass concentration (g/L), glucose and hexadecane levels
(mmol/L), hydrogen accumulation (L), and reactor temperature
(◦C). These data allow visualization of the microbial growth curve,
substrate degradation profiles, and cumulative hydrogen genera-
tion over the 24-h batch cycle. The simulation also tracks inter-
mediate values such as hydrogen partial pressure and gas-liquid
equilibrium concentration, which are used both in inhibition cal-
culations and gas-phase performance analysis.

At the conclusion of each simulation run, a series of perfor-
mance metrics is extracted. These include final hydrogen yield
(mol H2/mol substrate), hydrogen purity in the gas phase (%),
biomass productivity (g/L), and substrate conversion efficiency for
both glucose and hexadecane. These values are compiled into
structured tables and visualized using bar plots, line charts, and 3D
surface and contour plots to evaluate sensitivity to temperature,
pressure, salinity, and surfactant factor. Visualizations are created
using Matplotlib and Seaborn libraries in Python.

3. Results and discussion

3.1. Simulation outputs

The baseline simulation, conducted at 55 ◦C, 1 atm pressure, no
salinity, and no surfactant enhancement (α = 1), revealed a char-
acteristic three-phase fermentation pattern. Biomass increased
from 0.1 to 1.20 g/L over 24 h, with rapid exponential growth be-
tween 2 and 12 h. Glucose was almost completely consumed by
hour 18, while n-hexadecane showed slower degradation, reach-
ing about 50% conversion by the end of the batch as shown in
Fig. 3. These results are consistent with co-metabolism behavior
reported in literature, where easily fermentable substrates like
glucose initiate microbial activity and enzyme expression that
later enable slower hydrocarbon breakdown (Gupta et al., 2024;
Veshareh et al., 2022).

Hydrogen production followed substrate degradation trends,
reaching a cumulative yield of 4.34 L per batch. Most hydrogenwas
generated during the exponential biomass growth phase, corre-
sponding to high glucose availability and metabolic activity. The
final hydrogen purity in the gas phase reached 89.6%, with
remaining volume attributed to water vapor and trace CO2,
consistent with typical dark fermentation gas profiles (Ghimire
et al., 2015). These values align with the upper range of experi-
mental yields reported in batch thermophilic studies, indicating
that the simulated bioreactor under favorable conditions can
closely replicate laboratory observations.

The differential conversion rates between glucose and hex-
adecane highlight the role of co-substrate design in optimizing
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hydrogen yield. While glucose drove early-stage hydrogen evolu-
tion and biomass accumulation, hexadecane degradation
contributed to sustained gas production later in the cycle as shown
in Fig. 3. This is supported by experimental work by Veshareh et al.
(2022), who reported delayed hexadecane utilization in the pres-
ence of glucose due to regulatory prioritization. The simulation
confirms this dynamic, suggesting that substrate sequencing and
controlled feeding strategies may enhance overall hydrogen pro-
ductivity in both batch and continuous reactor systems.

3.2. Time-dependent system dynamics

The 24-h time-course simulation under baseline conditions
(55 ◦C, 1 atm, 0 g/L NaCl, α = 1) revealed clear temporal dynamics
in microbial growth, substrate consumption, and hydrogen evo-
lution. Biomass growth displayed a sigmoidal profile characteristic
of batch fermentations, with a short lag phase (0–2 h), a rapid
exponential phase (2–12 h), and a deceleration phase as substrates
became limiting. Glucose depletion occurred more rapidly than
hexadecane, with over 85% consumed within the first 12 h as
shown in Fig. 4. In contrast, hexadecane exhibited a steady but
slower decline, consistent with limited solubility and the
requirement for inducible hydrocarbon-degrading enzymes. This
sequential utilization supports the diauxic behavior reported in
co-metabolism studies, where glucose is preferentially metabo-
lized before transition to complex hydrocarbons.

Hydrogen production closely followed biomass growth and
glucose degradation. The majority of hydrogen (approximately

80%) was produced between hours 4 and 14, coinciding with peak
microbial activity. After glucose was largely exhausted, hydrogen
production rate declined, although it continued at a slower rate
due to ongoing hexadecane degradation. This trend reflects the
lower hydrogen yield and slower metabolic conversion associated
with hydrocarbons and underscores the importance of glucose in
initiating and sustaining high metabolic throughput in dark
fermentation. A final hydrogen yield of 3.31mol/mol substratewas
achieved in the co-substrate system, higher than yields reported
for hexadecane-only fermentation (0.94 mol/mol), confirming the
synergistic benefit of co-fermentation.

The temperature was held constant throughout the run,
demonstrating external control effectiveness and supporting sta-
ble microbial kinetics. Notably, the hydrogen accumulation curve
did not reach a plateau until near the 24-h mark, indicating that
hexadecane may continue contributing to hydrogen production
beyond a single batch cycle if biomass viability is maintained. This
extended hydrogen evolution window suggests that reactor de-
signs allowing controlled feeding or prolonged residence times
could further improve yields.

3.3. Effect of temperature on hydrogen yield

Temperature significantly influenced both the rate and extent
of hydrogen production, with the simulation confirming an
optimal performance at 55 ◦C. At this temperature, the system
achieved the highest cumulative hydrogen volume (4.34 L per
batch) and the highest hydrogen yield of 3.31 mol/mol substrate.
Increasing temperature from 35 ◦C to 55 ◦C enhanced microbial
growth rate and substrate conversion efficiency due to improved
enzymatic activity, as captured by the Arrhenius temperature
dependence incorporated in the model (Kongjan et al., 2009;
Pratiwi et al., 2015b; Rozanova et al., 2001). This is consistent
with prior experimental work showing that thermophilic strains
such as Clostridium thermocellum and Thermotoga neapolitana
exhibit maximum hydrogen productivity in the 50–60 ◦C range
(Gupta et al., 2024; Imai, 2024).

At 70 ◦C, a decline in both biomass and hydrogen yield was
observed, despite higher kinetic rates predicted by the Arrhenius
term. The drop in performance is attributed to enzyme instability
or partial denaturation at supra-optimal temperatures, as well as
increased water vapor saturation in the gas phase, which may
dilute hydrogen purity. Final biomass was reduced to 0.82 g/L and
hydrogen yield dropped to 2.94 mol/mol substrate at 70 ◦C, sup-
porting the existence of a thermal threshold beyond which mi-
crobial metabolism becomes impaired as shown in Fig. 5. These
findings align with experimental observations in dark fermenta-
tion, where hydrogen yields begin to decline above 65 ◦C,
depending on the strain's thermotolerance (Ghimire et al., 2015).

Conversely, simulations at 35 ◦C and 45 ◦C showed slower
biomass growth and delayed hydrogen evolution, reflecting the
reduced enzymatic activity and metabolic sluggishness at sub-
optimal temperatures. The final hydrogen volumes at 35 ◦C and
45 ◦C were 2.85 L and 3.22 L respectively substantially lower than
at 55 ◦C with longer lag phases and incomplete substrate
degradation.

3.4. Effect of salinity on biomass growth and hydrogen yield

The simulation results revealed a clear inhibitory effect of
salinity on both biomass growth and hydrogen production,
consistent with microbial responses to osmotic stress. As NaCl
concentration increased from 0 to 50 g/L, final biomass decreased
from 1.45 g/L to 0.82 g/L, and hydrogen yield declined from
3.31 mol/mol to 1.92 mol/mol substrate as shown in Fig. 6. The

Fig. 3. Final bioreactor performance at 24 hours.

Fig. 4. Simulated Glucose utilization, Biomass production, hexadecane degradation
and hydrogen accumulation with time.
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most pronounced drop occurred beyond 30 g/L, suggesting a
threshold above which even moderately halotolerant organisms
face significant physiological stress. This trend matches known
limits for hydrogen-producing consortia, where optimal perfor-
mance is typically achieved at ≤20 g/L salinity, and inhibition in-
tensifies beyond that range (Broussos et al., 2024; Younis and
Mansour, 2024).

The inhibitory mechanism is twofold: high salinity creates os-
motic imbalance, which disrupts microbial cell membranes, and
also impairs enzyme function, reducing metabolic efficiency (Guo
et al., 2014; Hosseini et al., 2022; Lawton et al., 2015). In the
simulation, this was captured using a hyperbolic inhibition term
with exponent n = 2n, which produced biologically realistic decay
in growth rate with increasing salinity. Notably, glucose con-
sumption slowed under higher salinity, but hexadecane degrada-
tion was even more limited likely due to its reliance on active
transport mechanisms and secondary enzymatic pathways, which
are more sensitive to ionic stress. The combined substrate degra-
dation rate at 50 g/L was 40% lower than at 0 g/L, explaining the
concurrent decline in hydrogen output.

3.5. Effect of pressure on hydrogen accumulation and purity

Pressure had a pronounced impact on hydrogen accumulation
and purity in the simulated batch bioreactor. As pressure increased

from 1 atm to 40 atm, the volume of hydrogen recovered in the gas
phase declined from 4.34 L to 1.92 L, and hydrogen purity
decreased from 89.6% to 86.1% as shown in Fig. 7. This reduction is
attributable to enhanced hydrogen solubility in the aqueous phase
under elevated pressures, as governed by Henry's Law. At higher
pressures, more hydrogen remains dissolved in the liquid phase
rather than accumulating in the gas phase, which diminishes re-
covery efficiency and amplifies product inhibition due to elevated
internal PH2 (Kisielewska et al., 2015; Xiang et al., 2023).

The simulation linked this thermodynamic effect directly to
microbial inhibition by incorporating a pressure-dependent
hydrogen inhibition term in the growth rate equation. As pres-
sure increased, the elevated dissolved H2 concentrations sup-
pressed hydrogenase activity, leading to reducedmicrobial growth
and lower substrate conversion. This phenomenon has been
experimentally observed in several anaerobic fermentative sys-
tems, where hydrogen accumulation beyond 0.6–0.8 atm in the
headspace leads to feedback inhibition of NADH oxidation, a crit-
ical step in hydrogen metabolism (Ghimire et al., 2015). In the
simulation, pressure effects were especially noticeable after
10 atm, indicating a nonlinear relationship between pressure and
hydrogen inhibition.

From a reservoir engineering perspective, these findings high-
light an operational trade-off: while higher pressure conditions
better simulate subsurface environments, they also impose bio-
logical limitations. Field-scale strategies may need to incorporate
periodic gas removal, depressurization, or selection of pressure-
tolerant consortia to overcome inhibition and maintain
performance.

3.6. Role of surfactant in hexadecane utilization

Simulation results revealed a strong positive effect of surfactant
enhancement on n-hexadecane degradation and overall hydrogen
yield. As the surfactant factor (α) was increased from 1 to 12, the
final hexadecane concentration decreased from 0.80 mmol/L to
0.12 mmol/L, representing an 85% conversion. This enhanced
degradation directly translated to higher hydrogen yields, which
increased from 2.85 L at α = 1–4.91 L at α = 12, reflecting a 72.8%
improvement in total gas production. The surfactant effect was
modeled as a multiplicative enhancement in either substrate
availability or hydrogen yield per mole hexadecane, capturing the
role of emulsifiers in increasing surface area and phase contact.
These results strongly validate the empirical findings of Veshareh

Fig. 6. Effect of Salinity on Biomass growth and Hydrogen yield.

Fig. 7. Effect of pressure on Hydrogen volume and purity.
Fig. 5. Effect of temperature on final biomass and hydrogen yield.
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et al. (2022), who reported a 12-fold increase in hydrogen pro-
duction with Tween 80 addition during hexadecane co-
fermentation.

The surfactant effect was especially critical in later stages of the
fermentation when glucose had been exhausted and hexadecane
become the dominant carbon source. At low α values, hexadecane
degradation stalled due to low bioavailability and phase separa-
tion, resulting in a plateau in hydrogen accumulation despite the
presence of residual substrate. At higher α values, improved
emulsification allowed sustained fermentation and continued
hydrogen evolution beyond 18 h as shown in Fig. 8. This extended
productivity window illustrates the potential of surfactant-
assisted co-metabolism to maintain microbial activity and
improve yield under diffusion-limited conditions often observed
in subsurface environments.

While the simulation confirmed the efficacy of surfactant use, it
also highlighted diminishing returns beyond α = 6, where yield
increases began to plateau. This suggests an optimal surfactant
loading threshold beyond which additional emulsifier may not be
cost-effective.

3.7. Substrate interaction and Co-metabolism

The simulation compared three substrate configurations:
glucose-only, hexadecane-only, and glucose–hexadecane co-
metabolism. Among them, the co-substrate system produced the
highest hydrogen yield (3.31 mol/mol total substrate), followed by
glucose-only (2.85 mol/mol) and hexadecane-only (0.94 mol/mol)
as shown in Fig. 9. The superior performance of the dual-substrate
condition can be attributed to the complementary metabolic roles
of the two substrates. Glucose, being water-soluble and easily
fermentable, rapidly supports microbial growth, while hex-
adecane, though slower to degrade, extends hydrogen production
over time. This behavior aligns with known diauxic growth pat-
terns, in which microorganisms prioritize simple sugars before
inducing the enzymatic machinery required for complex hydro-
carbon breakdown (Gupta et al., 2024; Veshareh et al., 2022).

In the glucose-only simulation, hydrogen production peaked
early and plateaued after 12–14 h due to substrate depletion, with
biomass reaching its maximum and then stabilizing. In contrast,
the hexadecane-only system exhibited a delayed response with
lower peak biomass (0.64 g/L) and reduced gas yield, reflecting the
slow activation of hydrocarbon-degrading pathways and the sub-
strate's low solubility. However, when both substrates were pre-
sent, the model showed that early glucose metabolism accelerated

biomass buildup, which in turn increased the enzymatic capacity
for hexadecane conversion during the latter half of the cycle. This
resulted in an extended hydrogen production phase and more
complete substrate utilization over 24 h.

These findings demonstrate the potential of substrate synergy
in dark fermentation systems and reinforce co-metabolism as a
viable strategy for enhancing hydrogen yields from residual hy-
drocarbons. In a reservoir context, where residual oil is not readily
bioavailable, injecting co-substrates such as glucose, molasses, or
other sugar-rich wastes could jumpstart microbial metabolism
and improve system productivity.

3.8. Biological relevance and literature comparison

The simulated performance metrics obtained in this study
including a maximum hydrogen yield of 4.34 L per batch, purity of
89.6%, and biomass levels exceeding 1.2 g/L fall within the ranges
reported in the literature for thermophilic dark fermentation
systems. For instance, Gupta et al. (2024) reported hydrogen yields
of up to 3.2 mol/mol glucose in batch fermentations using Clos-
tridium thermocellum at 55–60 ◦C, while Veshareh et al. (2022)
achieved 0.88 mol/mol hexadecane in serum bottles with added
glucose and Tween 80. The simulated values for glucose-only
(2.85 mol/mol), hexadecane-only (0.94 mol/mol), and co-
substrate (3.31 mol/mol) align well with these findings, confirm-
ing the biological credibility of the kinetic assumptions and
pathway modeling.

Importantly, this study extends beyond existing work by
quantifying the joint effects of pressure, salinity, and substrate
interaction, none of which were addressed experimentally in prior
research. For example, Veshareh's study used ambient pressure
and did not simulate reservoir-like conditions. In contrast, this
study revealed how pressures above 20 atm impair hydrogen
release and how salinity above 30 g/L suppresses biomass growth,
which gives critical insights for field deployment. Moreover, the
incorporation of surfactant enhancement factors (α = 1–12),
inspired by Veshareh's reported 12 × yield boost, allowed quan-
tification of hydrocarbon bioavailability in relation to substrate
utilization and hydrogen productivity. These extensions bridge the
gap between controlled laboratory studies and the complexity of
subsurface environments.

Overall, this simulation provides a biologically grounded yet
operationally expanded perspective on microbial hydrogen pro-
duction. It validates observed trends from batch experiments,
confirms the importance of co-substrate synergy, and highlights
the limitations imposed by real-world thermodynamics. Most
importantly, it provides a testable hypothesis for MEHR: that byFig. 8. Effect of Surfactant on Volume of hydrogen produced.

Fig. 9. Effect of Substrate Interaction and Co-Metabolism on hydrogen yield.
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manipulating temperature, pressure, salinity, and surfactant
loading, it is possible to engineer a stable and productive biore-
actor environment within depleted hydrocarbon reservoirs. This
opens a pathway for using simulation to guide experimental
design and ultimately scale dark fermentation from lab-scale to
field-ready energy systems. Table 1 presents a comparative anal-
ysis of selected experimental studies on biohydrogen production,
highlighting the diversity of operational conditions, substrates,
microbial systems, and reactor configurations. The studies include
a range of temperatures, pressures, and substrate types; from
glucose and crude oil to complex waste materials and employ
various microbial consortia, including both pure and mixed cul-
tures. This comparison underscores advancements in biohydrogen
yield optimization and the exploration of HPHT environments to
mimic subsurface reservoir conditions.

4. Limitations and future modeling directions

Assumption of instantaneous gas-liquid equilibrium and per-
fect headspace sealing. In practice, gas accumulation is affected by
mass transfer resistance, leakage, and solubility lag especially at
higher pressures and salinities. Also, temperature was assumed to
be externally controlled and spatially uniform, which is often not
the case in large-scale or geothermal environments where thermal
gradients may develop. These assumptions, while enabling
computational tractability, does not fully describe the ideal situ-
ation of the reservoir properties. Therefore, future modeling work
should incorporate reactive transport models that include spatial
gradients in pressure, temperature, and concentration, as well as
multi-species dynamics to better capture microbial interactions in
co-culture systems. Incorporating VFA accumulation, gas back-
pressure effects, and energy balances with internal heat genera-
tion would further improve predictive accuracy. Validation of
simulation outputs with laboratory experiments especially under
controlled salinity and pressure is also essential to confirm model
fidelity. Ultimately, integrating this simulation framework with
reservoir-scale geological models will enable the design of field-
ready MEHR systems, contributing to the strategic repurposing
of depleted reservoirs for clean energy generation.

5. Conclusion

This study presents a comprehensive numerical simulation of
microbial hydrogen production under HPHT conditions represen-
tative of depleted hydrocarbon reservoirs. The developed model
integrates dual-substrate fermentation kinetics, inhibition mech-
anisms, surfactant-enhanced hydrocarbon bioavailability, and
thermodynamic gas-phase behavior to capture the complex
interplay of microbial activity and environmental constraints.
Simulation results underscore the potential of glucose and n-
hexadecane co-metabolism for sustained hydrogen evolution,

with optimal performance observed at 55 ◦C and atmospheric
pressure. Elevated pressure and salinity were found to inhibit both
biomass growth and hydrogen accumulation, while surfactant
addition significantly improved hydrocarbon substrate utilization
and overall gas yield. The parametric framework implemented in
Python provides a flexible tool for evaluating MEHR strategies,
enabling rapid assessment of operational conditions prior to field
trials. By simulating reservoir-relevant thermophysical conditions,
this work bridges the gap between laboratory-scale observations
and field-scale feasibility assessments. Future efforts should focus
on model calibration with experimental HPHT fermentation data,
integration with multiphase flow simulators, and extension to
continuous or in situ reservoir configurations. Overall, the simu-
lation platform offers a valuable foundation for optimizing bio-
hydrogen production in repurposed subsurface energy systems.
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Table 1
Comparative overview of experimental biohydrogen production studies under varied conditions.

Study Temperature
(◦C)

Pressure
(atm)

Substrate Microorganism Max H2 Yield Max H2 Production
Rate

Key Features

This Study (Design) 35–70 40 Glucose + crude oil Mixed anaerobes 2.33 mol/mol
substrate

0.47 L/L⋅day HPHT simulation; mimicking
reservoir

Furqon et al. (2024) 30 1 DEPOME (dark fermented
POME effluent)

R. palustris 0.27 mol/mol
glucose

0.15 Photo-fermentation; LED light

Veshareh et al. (2022) 70 1 Crude oil + Tween 80
+ Glucose

Thermotoga strains 5.7 mmol/L 0.28 mmol/L⋅h In-situ simulation using
reservoir-isolated strains

Wang et al. (2022) 35 1 Vegetable waste Enriched microflora 151.7 mL/g VS ~0.42 L/L⋅day Thermophilic batch fermentation
Zhang et al. (2008) 35 1 Glucose Biofilm consortium ~1.7 mol/mol ~6.8 L/L⋅h

(high-rate reactor)
Continuous system with
granular sludge

Lay et al. (2012) 37–55 1 Waste sludge Mixed culture 7.8 mmol – Sludge-based feedstock system
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Appendix A. Simulation Parameters and Constants

Appendix B

Python Simulation Code Structure and Equation Mapping.
This appendix describes the structure of the Python-based

simulation developed to model microbial hydrogen production
under high-temperature, high-pressure, and saline conditions in a
batch bioreactor. The simulation solves a system of ODEs repre-
senting biomass growth, substrate consumption, hydrogen pro-
duction, and thermal dynamics. All governing equations are
described in the methodology section of the manuscript.

B.1 Code Overview.
The simulation is implemented in a modular Python script

consisting of the following components:
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