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Abstract: The production of hydrogen through sustainable methods 
has recently gained increasing attention due to its current and potentially 
expanding future importance. Dark fermentation (DF) represents a 
promising yet underexplored approach, largely due to its poor 
predictability linked to the complexity of microbial metabolic activity. To 
address this challenge, recent efforts have focused on developing 
predictive models for DF hydrogen production, with the aim of making 
the process industrially scalable. This study presents a model 
incorporating two primary metabolic pathways—acetate and butyrate 
pathways—along with homoacetogenesis. The model was compared with 
experimental data coming from five batch cases and one continuous case, 
with operating conditions varying in volume, pH, duration, and substrate 
type. The comparison is quite satisfactory. The analysis highlights the 
growing importance of homoacetogenesis, which showed a stronger 
impact, particularly in batch operations, where this metabolic 
pathway was activated earlier in the process. 
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1.  Introduction 
The world faces an energy crisis aggravated by the increasing global population[1]. The strong 
dependence on fossil fuels has caused a climate crisis and led to the gradual depletion of these non-
renewable resources[2]. This has resulted in hydrogen emerging as a viable alternative; while having 
a high energy content of 142 MJ/kg, hydrogen is a clean and renewable fuel that produces only water 
upon combustion[3]. 

Hydrogen can be used both for electricity generation and as a component in fuel gas mixtures. In 
power generation, it sparks fuel cells that convert chemical energy into electricity with high energy 
efficiency and no greenhouse gas emissions[4]. As a blending gas, hydrogen can be mixed with 
natural gas and distributed through existing infrastructure, enabling a gradual transition to a more 
sustainable energy system without the need for immediate investment in new distribution 
networks[5]. Studies suggest indeed that a blend containing 5–15% hydrogen would necessitate only 
minimal modifications to the operation and maintenance of current gas networks[6]. 
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Moreover, hydrogen is currently being used across various industrial sectors as an important raw 
material, further supporting the interest in this field. In the chemical industry, ammonia is the 
primary application, accounting for more than half of the global hydrogen consumption and the 
demand for fertilizers is likely to grow to support the increasing need for global food production[7].  

The petrochemical industry is responsible for 40% of the world’s hydrogen demand, as it employs 
hydrogen to remove nitrogen and sulfur from coal, improve combustion characteristics, and convert 
heavy hydrocarbons into higher-value products by increasing the hydrogen-to-carbon 
ratio[8]19/11/2024 22:39:00. In the metallurgical industry, hydrogen is utilized to eliminate 
impurities during nickel extraction from nickel sulfate and in the sintering and annealing of metal 
powders[9]. Furthermore, in the biochemical sector, hydrogen acts as an electron donor and 
reducing agent for synthesizing compounds such as methane, methanol, acetate, ethanol, and 
microbial proteins[10]. 

However, besides its extensive industrial applications and promising prospects for future 
innovations, hydrogen production currently relies on fossil-derived feedstocks through processes 
that are unsustainable in the long term and pose significant environmental challenges. In particular, 
the most prevalent method is steam methane reforming (SMR) accounting for approximately 50% 
of global hydrogen production[11]. Although economically advantageous -with production costs 
ranging from $1.48 to $2.27 per kilogram - SMR is energy-intensive and contributes significantly to 
greenhouse gas emissions[12]. Coal gasification represents another major pathway, utilizing 
abundant coal reserves but similarly imposing considerable environmental burdens, producing 
hydrogen at costs between $0.36 and $1.83 per kilogram[13]. 

Alternative hydrogen production technologies are therefore being explored to mitigate these 
environmental impacts. Biomass-derived methods, such as gasification and pyrolysis, present viable 
routes for hydrogen synthesis and offer competitive cost structures, ranging between $1.44 and $2.83 
per kilogram[14]. However, their contribution to the overall hydrogen supply remains marginal due 
to the nascent stage of technological advancements required for large-scale implementation[15]. 

Water electrolysis emerges as a more sustainable hydrogen production technology, employing 
electrical energy to dissociate water into hydrogen and oxygen. This method provides 
environmental advantages by eliminating direct carbon emissions during production[16]. 
Nevertheless, it is constrained by high operational costs - estimated between $4.36 and $7.36 per 
kilogram of hydrogen - thereby limiting its economic feasibility and widespread adoption[12]. 

Biological hydrogen production methodologies, including photolysis, photo-fermentation, and dark 
fermentation, enable hydrogen generation at ambient temperatures using microorganisms as 
biocatalysts[17]. These bio-based processes offer environmentally benign pathways and provide 
potential for organic waste valorization. Yet, these processes are currently hindered by low 
hydrogen yields and require further optimization for scalability and industrial applicability[18]. 
Furthermore, although these processes are heading in the right direction, they still account for a 
portion of GHG emissions [19]. 

Advancing low-carbon hydrogen production technologies is therefore critical given the imperative 
for sustainable development and the need to reduce greenhouse gas emissions. Transitioning 
towards renewable-based hydrogen synthesis pathways is essential to facilitate the integration of 
hydrogen as a cornerstone in the emerging low-carbon economy. Investing in and progressing 
sustainable hydrogen production technologies would not only allow to address environmental 
concerns but also reinforce hydrogen's role as a fundamental element in a low-carbon society[20]. 
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Dark fermentation (DF) is a simple, cost-effective, and environmentally friendly biological process 
for hydrogen production using anaerobic bacteria that employ multi-enzyme systems[21]. Unlike 
photo-fermentation processes, DF operates independently of light, eliminating a significant 
technical constraint and enhancing its applicability[22].  Provided ambient conditions and 
the absence of oxygen, it converts organic compounds - including a wide range of organic and 
cellulosic wastes such as sludge, leachate, pomace, stalks, and bagasse - into hydrogen. This 
versatility could contribute to waste recycling while reducing costs associated with substrate 
procurement[23]. 

Pure cultures, particularly Clostridium species, have demonstrated higher hydrogen yields due to 
their specific metabolic capabilities, but mixed microbial cultures are often utilized[24]19/11/2024 
22:39:00. These, such as those derived from sewage sludge, offer greater resilience to environmental 
fluctuations, including changes in substrate availability, pH, and temperature[25]. However, they 
raise a critical aspect in dark fermentation which is the possible reduction in hydrogen production 
due to the presence of homoacetogenic bacteria[25]. These anaerobic microorganisms consume 
hydrogen and carbon dioxide to produce acetic acid, thus decreasing the net amount of hydrogen 
produced. Homoacetogens are ubiquitous in mixed cultures and can adapt to different operating 
conditions, making their complete elimination difficult[26]. 

Understanding and controlling homoacetogenesis is crucial to optimize hydrogen production by 
dark fermentation. Studies have shown that homoacetogenesis can consume 11% to 43% of the 
hydrogen produced in single or repeated batch fermentations[25]. However, the precise 
quantification and dynamics of this phenomenon during continuous fermentations remain poorly 
understood[25]. 

Strategies to mitigate the effect of homoacetogens include controlling operating conditions, such as 
pH and CO₂ concentration, and using models that incorporate thermodynamic and kinetic controls 
to predict the dynamics of homoacetogenesis[27]19/11/2024 22:39:00. The implementation of 
advanced techniques, such as radioactive tagging, could provide detailed information on the 
simultaneous production and consumption of hydrogen during fermentation[25]. 

To transition dark fermentation technology from laboratory research to industrial or commercial 
applications, it is bottom-line to model, calibrate, and optimize the process. Researchers have 
predominantly adapted existing mathematical models to describe experimental results, with the 
empirical Gompertz model and the Anaerobic Digestion Model No. 1 (ADM1) of the International 
Water Association (IWA) being among the most frequently used[28], [29]. 

The Gompertz model, based on a sigmoid function applied to time-series data, is commonly 
employed to estimate the maximum potential for hydrogen production and determine the lag phase. 
However, it has limitations in interpreting process kinetics because it excludes critical operating 
conditions such as substrate type and concentration, pH, temperature, and partial gas pressure that 
govern the fermentation reaction[28], [30]. 

ADM1, in contrast, is a comprehensive kinetic model based on Monod-type equations, extensively 
used to model anaerobic digestion processes [31], [32]. In recent years, researchers have adapted 
ADM1 to model dark fermentation reactions by estimating kinetic parameters through batch and 
continuous experiments using Monod or Michaelis–Menten kinetics[28]. Nevertheless, ADM1 
requires modifications to accurately describe non-methanogenic systems, often relying on constant 
stoichiometry to represent product generation from carbohydrate fermentation[28], [33]. 
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Despite these advancements, biological hydrogen production remains inherently unstable and 
unpredictable, heavily dependent on fermentation conditions such as pH, hydraulic or solid 
retention time, hydrogen partial pressure, acid concentration, the presence of methanogenic 
microorganisms, and the microbial communities of hydrogen-producing bacteria[34], [35]. 
Although it is known there are species that predominate in hydrogen fermentation processes, their 
precise quantitative contribution to hydrogen production has yet to be clearly identified[36], [37], 
[38]. 

There remains a lack of robust paradigms that combine advanced computational techniques to 
model key metabolic intermediates during dark fermentation for biohydrogen production. To start 
addressing this gap, the article proposes developing a model based on the combination of the 
kinetics of three main reactions: the acetate pathway, the butyrate pathway, and homoacetogenesis. 
Including homoacetogenesis is particularly novel, as this process can consume a significant 
proportion of the hydrogen produced, thereby reducing the overall efficiency of the process. 

The objective of this study is to develop an advanced kinetic model that integrates homoacetogenesis 
to enhance the accuracy of hydrogen production prediction during dark fermentation. By improving 
the model’s predictive capabilities, this approach is expected to facilitate the optimization of 
operating conditions and to support the development of effective strategies to control the influence 
of homoacetogens on hydrogen yields. Such advancements in modeling are anticipated to 
significantly contribute to the field of biological hydrogen production, facilitating its scalability to 
industrial applications. 

2.  Materials and Methods 
2.1 Experiments 

The dark fermentation experiments supporting the development of the model were conducted by 
the research group using six different setups. The general characteristics and conditions common to 
all setups are presented first, followed by detailed descriptions of the specific reactor volumes and 
operational conditions for each setup.  

The inoculum was composed of cattle manure (4% VS) sourced from local Danish farms that was 
pre-treated thermally (12°C for 30 min) and with acidification (buffer agent: H2SO4) to inhibit 
hydrogen-consuming bacteria. The slurry samples, used as the starting material for fermentation, 
consisted of a mixture of mainly cattle manure and either biopulp or glucose as the substrate. The 
biopulp, supplied by the Danish company Biofos, is derived from food waste and is characterized 
in Table 1. 

  

 

 

 

 

 

 

 TS [%] VS [%] COD [g/L] TKN 
[mg/L] 

Sugars 
[g/L] 

Average 15 13 71.05 0.803 95.11 

STD 0.4 0.3 0.99 0.006 34.54 

Table 1: Detailed characterization of biopulp feedstock 
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Nitrogen sparging was conducted by purging pure nitrogen gas into the slurry samples at a 
controlled overpressure of 0.75 - 1 bar to capture volatile fatty acids (VFA) and other condensable 
gases. The exiting gas, rich in VFA and moisture, was directed through a trap where VFAs and 
condensable gases were accumulated. A vent system released any immiscible gases to prevent 
headspace buildup, ensuring accurate analysis of VFA content.  

VFA in the slurry samples were analyzed using gas chromatography (GC) specifically configured to 
identify and quantify VFAs, mainly acetic acid and butyric acid. 

The pH of the samples was measured using a pH meter to monitor and potentially control the reactor 
conditions. GC was utilized to measure the concentrations of carbon dioxide (CO2) and hydrogen 
(H2) in the gas phase, providing critical data on the gaseous by-products of the reaction. 

2.1.1 Batch Experiments 

Five batch fermentation tests (Experiments 1–5) were performed to investigate hydrogen production 
under varying initial pH conditions and substrate types. The initial concentrations of organic acids 
- specifically acetic and butyric acid - were measured for each experiment to establish consistent 
starting conditions. In all experiments, the initial concentrations of acetic acid and butyric acid in the 
starting medium were approximately 0.394 and 0.180 mol/L, respectively, with slight variations 
around these values. 

In Experiments 1 and 2, 2 g of glucose were dissolved in water to prepare the culture medium and 
to achieve a reactive volume of 40 mL in a 118 mL serum bottle. Dissolved oxygen was removed by 
sparging the medium with nitrogen gas to establish anaerobic conditions. The initial pH for Exp. 1 
was measured to be 5.0, while for Exp. 2 it was adjusted to 7.0. Differently, Exp. 3 used biopulp 
instead of glucose, maintaining the same volatile solids amount, i.e. 2 gVS, and the same working 
volume as in Exp. 1 and 2. The initial pH for Exp. 3 was also adjusted to 7.0 [39], [40]. The pH was 
varied to investigate its potential effects on hydrogen production, with no pH control strategy being 
implemented. 

All serum bottles were inoculated, sealed, and kept in an incubator at 55 °C. Exp. 1 was carried out 
for 98 days, Exp. 2 for 63 days, as no further changes in production were observed, and Experiment 
3 for 98 days. Throughout these experiments, only hydrogen gas production was measured. Gas 
samples were collected periodically and analyzed for hydrogen content using GC. 

In Experiments 4 and 5, 2 g of glucose were dissolved in water to prepare the culture medium, 
achieving a working volume of 25 mL in 75 mL serum bottles. Dissolved oxygen was removed by 
sparging with nitrogen. The initial pH was adjusted to 7.0 for Experiment 4 and to 10.0 for 
Experiment 5. The bottles were inoculated, sealed, and incubated at 55 °C for 20 days without pH 
control. In these experiments, both hydrogen and carbon dioxide production were measured. Gas 
samples were collected at regular intervals and analyzed for hydrogen and carbon dioxide 
concentrations using GC. 

2.1.2 Continuous Experiment 

Experiment 6 was conducted using a 1 L continuously stirred tank reactor (CSTR) to evaluate 
hydrogen production under continuous operation with varying influent substrate concentrations. 
Half-filled with the reactive fluid, the bottle was heated with a heating jacket at a temperature of 
55°C and it was operated atmospheric pressure, with continuous stirring to maintain homogeneity.  
Dissolved oxygen was removed by sparging the medium with nitrogen gas. The initial pH was 
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adjusted to 5.5 using 1 M NaOH as a buffer agent, as previous experimental results indicated this to 
be the optimal value [41].  

An influent flow rate of 25 mL/day was maintained during the whole 100 days, and the effluent flow 
was adjusted to keep the working volume constant, resulting in a hydraulic retention time of 
20 days. The glucose concentration in the influent was increased stepwise: 5 g/L from days 1 to 3, 
10 g/L from days 4 to 8, 15 g/L from days 9 to 13, 20 g/L from days 14 to 23, 25 g/L from days 24 to 
43, 30 g/L from days 44 to 64, and 35 g/L from day 65 until the end of the 100-day experiment. This 
corresponded to an OLR range of 0.25 – 1.75 gVS/L/d 

A 1 M NaOH solution was added periodically to maintain the pH above inhibitory levels to 
compensate for acidification due to organic acid production. The pH was monitored daily using a 
calibrated pH meter, and adjustments were made when necessary. 

Hydrogen, carbon dioxide, and organic acids (acetic acid and butyric acid) were measured. Gas 
samples were collected daily and analyzed for hydrogen and carbon dioxide concentrations using 
gas chromatography. Liquid samples were taken periodically to measure how concentrations 
changed over time. 

2.2 Mathematical Modeling 
2.2.1 Metabolic Pathway and Kinetic Modeling 

Dark fermentation takes place in several stages. Initially, enzymatic hydrolysis breaks down the high 
molecular weight organic compounds into water-soluble substances, such as glucose[42]. These 
simpler compounds are then metabolized by bacteria to produce volatile fatty acids (VFAs), 
hydrogen, and carbon dioxide[43]. The accumulation of VFAs and other byproducts can inhibit 
microbial activity and reduce hydrogen yields, presenting a challenge to the efficiency of the 
process[44]. 

Dark fermentation is adaptable to various environmental conditions through adjustments in pH, 
temperature, organic loading rate (OLR), and hydraulic retention time (HRT), allowing optimization 
across different operational settings[45]. Microorganisms involved include Clostridium and 
Enterobacter genera, such as Clostridium Butyricum, Clostridium Beijerinckii, Enterobacter Asburiae, and 
Enterobacter Eerogenes. These bacteria utilize metabolic pathways involving hydrogenase and 
nitrogenase enzymes to produce hydrogen [46], [47]. 

The theoretical maximum hydrogen yield is 4 moles of H₂ per mole of glucose via the acetate 
pathway and 2 moles via the butyrate pathway as represented by (1 and (2 below [48]. 

𝐶!𝐻"#𝑂! + 2𝐻#𝑂 → 2𝐶𝐻$𝐶𝑂𝑂𝐻 + 2𝐶𝑂# + 4𝐻# (1) 

 

𝐶!𝐻"#𝑂! → 𝐶𝐻$𝐶𝐻#𝐶𝐻#𝐶𝑂𝑂𝐻 + 2𝐶𝑂# + 2𝐻# (2) 

 

However, in practice, yields range from 0.1 to 3.8 moles of H₂ per mole of hexose, influenced by 
operating conditions and microbial strains employed in the process and the simultaneous 
production of other metabolites, such as butyric acid. Substrate type, temperature, pH, and 
inoculum percentage significantly impact hydrogen production efficiency[49]. Optimal pH levels 
are critical for hydrogenase activity, with different studies reporting varying optimal values[50]. 
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A mathematical model has been developed to simulate hydrogen production during dark 
fermentation while analyzing the underlying kinetics. The model integrates the main metabolic 
pathways involved in the process, particularly those characterizing the acidogenesis phase, which 
is essential to account for hydrogen production. Simultaneously, it also accounts for 
homoacetogenesis, a parallel metabolic pathway recognized during this process.  

Homoacetogenesis consumes molecular hydrogen and carbon dioxide to produce additional acetic 
acid, as shown in Error! Reference source not found.: 

4𝐻# + 2𝐶𝑂# → 𝐶𝐻$𝐶𝑂𝑂𝐻 + 2𝐻#𝑂 (3) 

The correlation between the specific rate of substrate consumption and substrate concentration is 
expressed through the Michaelis-Menten kinetics [51]. This relationship is appropriate when the 
concentration of a single substrate (S) limits the degradation rate while the accumulation of growth-
inhibiting compounds is negligible [51]. The equation states as follows ((4): 

𝑟" = 𝐾%,'() +
𝑆

𝐾* + 𝑆
-𝑋𝐼+, (4) 

Where 𝐾%,'() is the maximum specific uptake rate (1/day), S represents the mol of substrate in the 
system, Ks is the saturation constant (mol), X is the amount of microorganisms present in the system 
(mol) and IpH is a function accounting for the inhibition from pH based on previous findings [52]. 
The function is listed below ((5): 

𝐼+, = 𝑒𝑥𝑝 3−3+
𝑝𝐻 − 𝑝𝐻-
𝑝𝐻- − 𝑝𝐻.

-
#
6 (5) 

Where pH is the value of pH referring to the system which is calculated through a charge balance 
using the equation below ((6) while pHu and pHl are the upper and the lower limits of the optimal 
pH range, set at 10 and 3.5, respectively. 

The charge balance expressed in (6: 

𝐻/ + 𝑆01 = 𝐴𝑐2 + 𝐵𝑢2 +𝐻𝐶𝑂32 + 𝑂𝐻2 (6) 

considers all ionic species present in solution, including hydrogen ions [𝐻+], inorganic positive 
species, such as Na+ or K+, that might be present at the beginning [Sin], the anions resulting from 
the dissociation of organic acids ([Ac-] for acetic acid and [Bu-] for butyric acid), bicarbonate [HCO3-
] and hydroxide ions [OH-], as previously presented [52]. The acid dissociation constants are used 
to calculate the concentrations of the ionized forms of the respective species. The charge balance 
equation is then solved iteratively to find the concentration of [𝐻+], from which is derived the pH. 

The rate of hydrogen consumption by homoacetogenic bacteria, denoted as 𝑟2, is modeled through 
(7 assuming a Michaelis-Menten kinetic for this reaction as well: 

𝑟# = 𝜆(𝑡)𝐾,#,'() 3
𝐻#

𝐾*,,# +𝐻#
6𝑋𝐼+,𝐼,! (7) 
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where KH2,max is the maximum hydrogen consumption rate (1/day) and 𝐾𝑆,𝐻2 is the half-saturation 
constant (mol), reflecting the enzymes' affinity for available hydrogen. IpH is the same function 
included in r1 accounting for pH inhibition. 

In this expression, λ(t) represents the homoacetogenesis activation function, describing the delayed 
initiation of this process over time and considering the adaptation period of homoacetogenic 
bacteria, expressed by the parameter tshift, as shown below ((8). Specifically, it was assumed to behave 
as a sigmoidal function: 

𝜆(𝑡) = 1/A1 + 𝑒𝑥𝑝 3−
B𝑡 − 𝑡*3045C

5
6E (8) 

𝐼,! =
𝐾0,,!

𝐾0,,! +𝐻#
 (9) 

The hydrogen inhibition function shown in (9 was introduced into the model to attempt to provide 
a preliminary representation of the inhibitory effect of high concentrations of hydrogen on 
homoacetogenesis. This experimental approach constitutes an attempt to model a complex 
phenomenon, recognizing that further studies are necessary for a more accurate characterization of 
hydrogen inhibition. 

Once the two main reaction rates of the system, r1, and r2, were defined, the dynamics of the 
concentrations of the different species involved in the process can be described using a system of 
ordinary differential equations (ODE). These equations are based on the three fundamental reactions 
considered in the process and incorporate experimentally determined stoichiometric coefficients, 
which represent the fractions of substrate converted into each product and the proportions in which 
the species are consumed or produced in the reactions. The coefficients related to hydrogen 
production in the acetate and butyrate pathways will henceforth be referred to as fi, while those 
associated with hydrogen consumption in the homoacetogenesis pathway will be referred to as ai, 
as shown in in Eq. (10 - (15 [29]. 

Based on the three reactions considered, it is possible to formulate the ODEs that describe the 
temporal evolution of the concentrations of the species in the system represented in Eq. (10 - (15 [29]: 

𝑑𝑆
𝑑𝑡

= −𝑟" (10) 

 

𝑑𝑋
𝑑𝑡

= 𝑌𝑟" − 𝑘6𝑋 (11) 

 

𝑑𝐻#
𝑑𝑡

= (1 − 𝑌)𝑓,!𝑟" − 𝛼,!𝑟# (12) 



Article L. Romano 

 

9 

 

𝑑𝐻𝐴𝑐
𝑑𝑡

= (1 − 𝑌)𝑓,78𝑟" + 𝛼,78𝑟# (13) 

 

𝑑𝐻𝐴𝑏
𝑑𝑡

= (1 − 𝑌)𝑓,79𝑟" (14) 

 

𝑑𝐶𝑂#
𝑑𝑡

= (1 − 𝑌)𝑓:;!𝑟" − 𝛼:;!𝑟# (15) 

 

Where S is the substrate [mol], X indicates the biomass [mol], Y represents the yield of substrate 
conversion into biomass defined as the moles of biomass produced per mole of substrate consumed 
and kd is the biomass decay constant [1/day]. The fi coefficients represent the experimental 
stoichiometric coefficients associated with the acidogenesis phase, while the ai coefficients refer to 
the homoacetogenesis phase. 

2.2.2 Numerical Integration 

The system of differential equations is numerically integrated using SciPy's solve_ivp function, which 
implements the LSODA algorithm [53] 

This method is suitable for rigid and non-rigid systems and allows accurate control of integration 
tolerances. Integration is performed in the time domain of interest, which covers the duration of the 
experiment or process to be modeled. 

2.2.3 Parameters Estimation and Modeling 

An optimization of parameters was performed to fit the model to the experimental data, using the 
L-BFGS-B algorithm via SciPy's minimize function. The objective function to be minimized is the root 
mean square error (RMSE) between the model predictions and the experimental hydrogen 
production data. 

3.  Results and Discussion 
3.1 Comparison Between Model Predictions and Experimental Data 

This section reports the results of the comparison between the six experiments and the model 
predictions to assess the accuracy of the simulations and to analyze any discrepancies between them. 
The experiments differed not only in their operating conditions, but also in the experimental data 
collected: some provided measurements of hydrogen only, others of hydrogen and carbon dioxide, 
while in the last case, data on pH and organic acids were also collected. These differences were 
attributed to the specific objectives of the experiments: the first aimed solely at accounting for 
hydrogen production, the second focused on the influence of pH on the purity and productivity of 
the reactors and the last examined the effect of glucose concentration on the system’s yield. 
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3.1.1 Analysis of Batch Experiments from 1 to 3 

In the first three batch experiments, the experimental data concerned only hydrogen production. As 
shown in Fig. 1 the comparison between experimental data and model predictions indicates a 
satisfactory accuracy. This has been also demonstrated by the R² values, which are 0.959 for 
Experiment 1 (Figure 1a),  0.990 for Experiment 2 (Figure 1b), and 0.868 for Experiment 3 (Figure 1c), 
reflecting a great agreement between the model result and the experimental data. 
In these experiments, the pH and substrate type were varied to assess their impact on the outcomes. 
Specifically, the pH was not controlled in Experiment 1, where only the inoculum was used, while 
in Experiments 2 and 3, pH was initially adjusted to 7, and the substrate used was pure glucose and 
biopulp, respectively. Remarkably, the concentration of volatile solids was maintained constant 
across all experiments, at 2 g/L. 

Comparing the results of the Experiments 1 and 2, it can be observed that in Experiment 1, there is 
a noticeable delay in the onset of hydrogen production, and the final productivity is lower compared 

Figure 1: Hydrogen production (mmol) over time (days) for Experiment 1 (a), Experiment 2 (b) and 
Experiment 3 (c), with a 5% uncertainty band included to represent measurement variability. 

(a) (b) 

(c) 
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to Experiment 2. These differences are likely due to reduced microbial activity caused by sub-
optimal pH levels.  

A comparison between Experiment 2 and Experiment 3 reveals a similar trend, with a rapid initial 
substrate consumption followed by stabilization, leading to a plateau. Nevertheless, the plateau 
observed in Experiment 3 is lower than that in Experiment 2, resulting in reduced hydrogen 
production. This discrepancy can be attributed to differences in substrate accessibility: while glucose 
in Experiment 2 provided a readily assimilable carbon source for microorganisms, the biopulp used 
in Experiment 3, being a more complex substrate, limited the degradation rate and nutrient 
availability, thereby reducing the overall efficiency of hydrogen production[39], [40].  

The lower initial slope of hydrogen production in Experiment 3 can similarly be attributed to the 
reduced substrate accessibility, likely slowing microbial activity during the initial stages, consuming 
energy breaking down the organic matter, and thus limiting the hydrogen production rate compared 
to glucose. The small peak observed around day 20 may indicate microbial adaptation or a sudden 
increase in substrate availability, temporarily accelerating the fermentation process before returning 
to a more stable but lower hydrogen production rate due to the subsequent reduction of glucose in 
the liquid. 

These results are consistent with what has been reported in the literature regarding the variability 
in the efficiency of anaerobic fermentation depending on the type of substrate used[49], [54]. More 
complex substrates such as biopulp require longer degradation times, negatively affecting both the 
initial rate of hydrogen production and the total amount produced[55]. 

3.1.2 Analysis of Batch Experiments 4 and 5 

In Experiment 4 (Figure 2a) and 5 (Figure 2b), data on carbon dioxide were also collected other than 
hydrogen. These two experiments differed only on the initial pH setting: in Experiment 4 the pH 
was set to 7, while in Experiment 5 it was set to 10. In both cases, glucose was chosen as the substrate. 
The results obtained are shown in Figure 2.  

Figure 2: Hydrogen production (mmol) over time (days) for Experiment 4 (a) and Experiment 5 (b), with a 
5% uncertainty band included to represent measurement variability. 

(a) (b) 



Article L. Romano 

 

12 

Although the accuracy was lower than in previous cases, as reflected by the R² values of 0.65 and 
0.83 in Experiment 4, and 0.52 and 0.7 in Experiment 5, for H2 and CO2 respectively, the model 
adequately predicted the overall trends in the production of both species. 

As far as hydrogen production is concerned, although the maximum peak is reached when the 
experiment is conducted at a pH of 10, with a value of 0.9 mmol as opposed to 0.43 mmol in the case 
of pH 7, the total overall production is higher in Experiment 4. This indicates that a pH of around 7 
is more favorable for sustained hydrogen production.  

In contrast to Experiments 1-3, in these two cases, a H2 descending phase was observed after an 
initial peak. This pattern in the hydrogen production, not present in experiments 1-3, suggests that 
the model may not account for the phenomenon causing this behavior, leading to lower R² values. 
The observed trend could be attributed to a possible change in the microbial community, which 
caused a momentary decrease in the activity related to hydrogen production or could indicate the 
activation of hydrogen consumption mechanisms, towards mechanisms of homoacetogenesis [56] 
[25]. 

With regard to CO₂ production, the model showed good predictive ability, suggesting that the 
processes governing its production were adequately captured. 

3.1.3 Analysis of the Continuous Experiment 

Finally, as shown in Figure 3, the model successfully captured the CSTR system dynamics, 
accurately simulating the H₂ and CO₂ trends. The R² values were 0.986 and 0.987, respectively, 
indicating great accuracy. Although this had minimal impact on the overall R2 value, in the initial 
phase, the model slightly overestimated hydrogen and carbon dioxide production, likely due to the 
absence of a lag phase, which could be more significant under continuous operation. Despite this, 
both gases displayed a clear increasing trend, stabilizing at a plateau after around 70 days. Before 
reaching the plateau, a simultaneous very small decrease in the production of both gases is observed, 
which may indicate a shift in the microbial community[56]. 

Figure 3: Hydrogen and Carbon Dioxide production (mmol) over time (days) for 
Experiment 6, with a 5% uncertainty band included to represent measurement 

variability. 
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As represented in Figure 4, the model also captured the overall pH trend, though a lower R² suggests 
some fluctuations were not fully accounted for, indicating areas for further refinement in the model. 

 

As predictible, given the observations regarding pH accuracy and the fact that organic acids are the 
primary drivers of these pH changes, the model also demonstrated reduced accuracy in predicting 
organic acids production, as shown in Figure 5. This could be also due to the limited and irregularly 
distributed experimental data collected, precisely eight data points were available over 100 days, 
and then a polynomial regression analysis was conducted. 

Despite this, the model offers a useful qualitative representation, both for pH and organic acids. 

Figure 4: pH evolution over time (days), with a 5% uncertainty band 
included to represent measurement variability. 

Figure 5: Production of acetic acid and butyric acid (mmol) over time (days), with a 
5% uncertainty band included to represent measurement variability. 
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3.2 Model Key Parameters Discussion 

This section presents the key parameters obtained from the analysis of the six datasets considered 
in this study, which are essential for understanding the system's dynamics and the influence of 
operating conditions. 

The parameters were analyzed in relation to the operating conditions varying between datasets, 
focusing on three main variables: operation time (days), total reactor volume (mL), initial pH value 
(pH_0), and substrate type. The variables for the six experiments are summarized in Table 2: 

 Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp. 5 Exp. 6 

Residence 
Time [days] 98 63 98 20 20 20 

Reactive 
Volume [ml] 40 40 40 25 25 500 

pH_0 5 7 7 7 10 5.6 

pH control no no no no no yes 

Substrate 
Type glucose glucose biopulp glucose glucose glucose 

Table 2: Table summarizing most relevant operating conditions across six experiments 

The values obtained for the parameters through the regression are summarized in Table Table 3 - 
Table 4: 

 
Y 

[molbiomass/
molsubstrate] 

Kd [1/day] Kg,max 

[1/day] Ks1 [mol] fHAc fHAb fH2 fCO2 

Exp. 1 0.188 0.002 0.20 4.9 0.76 0.35 1.2 0.9 

Exp. 2 0.310 0.242 5.6 1.3 0.61 0.21 0.13 0.9 

Exp. 3 0.152 0.141 5.0 3.5 0.51 0.30 0.11 0.7 

Exp. 4 0.744 0.220 5.1 0.73 0.61 0.21 0.15 0.4 

Exp. 5 0.726 0.057 6.1 2.0 0.65 0.33 0.50 0.9 

Exp. 6 0.890 0.001 5.6 0.55 0.1 0.22 3.5 4 

Table 3: Kinetic parameters for biomass evolution and for hydrogen production pathways 
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 tshift [day] KH2,max 
[1/day] 

Ks,H2 

[mol] Ki,H2 [mol] aH2 aHAc aCO2 

Exp. 1 7.8 3.5 3.3 0.5 4.9 0.76 0.35 

Exp. 2 8.0 4.0 2.5 0.5 1.3 0.61 0.21 

Exp. 3 8.0 4.0 2.6 0.3 3.5 0.51 0.30 

Exp. 4 8.0 3.9 2.6 0.5 0.73 0.61 0.21 

Exp. 5 7.8 4.8 0.5 0.5 2.0 0.65 0.33 

Exp. 6 93 1.6 9.8 1e-4 0.55 0.1 0.22 

Table 4: Kinetic parameters obtained for the homoacetogenesis pathway 

The Michaelis-Menten kinetics for glucose consumption is described by KG,max and Ks, representing 
the maximum microbial growth rate and the glucose saturation constant. To assess microbial 
efficiency in glucose utilization, kd and Y were determined, with Y reflecting the biomass yield and 
kd the biomass decay constant. The metabolic pathways of acetate and butyrate were analyzed 
through stoichiometric coefficients fHAC, fHAB, and fCO2. For homoacetogenesis kinetics, KH2,max and 
Ks,H2 represent the maximum hydrogen consumption rate and the hydrogen saturation constant. 
Additionally, the time shift ts, X0 and KI,H2 were determined to account for microbial adaptation time, 
initial biomass concentration, and hydrogen inhibition. Finally, stoichiometric coefficients were also 
calculated to further characterize homoacetogenesis. 
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Figure 6: Bar chart illustrating the values of the constant Kg,max (1/day) across six 
experiments 
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As the graph shows (Figure 6), the quasi-constant value of Kg,max around 5.5 1/day suggests an 
intrinsic dependence on the biological characteristics of the microorganisms and the nature of the 
process, fixing the value in the various experiments. A significant reduction in its value can be 
observed in the first experiment, likely due to the particularly low initial pH, which was the lowest 
among all experiments and was not adjusted during the experimental procedure. 

 

Error! Reference source not found. shows the values obtained for the saturation constant Ks, for w
hich no significant correlations were observed, except for a slight dependence on the ratio 
volume/days. However, no clear trend was identified, which suggests that further investigation is 
necessary to explore the potential dependency of this parameter. 
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Figure 7: Bar chart illustrating the values of the constant Ks (mol) across six experiment 

Figure 8: Bar chart illustrating the experimental stoichiometric coefficients for acetic acid (Hac), 
butyric acid (HAb), hydrogen (H2) and carbon dioxide (CO2) during the acidogenic phase across 

six experiments. 
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As for the stoichiometric coefficients accounting fot the two main pathways for hydrogen 
production, namely the acetate pathway and the butyrate pathway, they show similar values in 
batch mode experiments, as depicted in Error! Reference source not found.. However, in continuous s
tirred-tank reactors (CSTR), these values differ significantly, skewing towards the production of 
gaseous species such as hydrogen and carbon dioxide. This trend is illustrated in Error! Reference s
ource not found.. The observed higher stoichiometric coefficients for gaseous species, i.e. hydrogen 
and carbon dioxide, in CSTR compared to batch experiments can be explained by the dynamic 
environment of continuous reactors. In CSTR, the continuous addition of substrates and removal of 
products enhance the metabolic pathways favoring gas production. This continuous flow ensures 
that microorganisms are constantly supplied with fresh substrates and that inhibitory by-products 
are partially removed, enhancing indeed the efficiency of gas-producing pathways. In contrast, 
batch processes experience substrate depletion and product accumulation, which can inhibit 
microbial activity and reduce gas production efficiency. 

In the present study, a monotonically increasing linear relation in biomass yield is observed, in 
relation with the reactor volume-to-days ratio, where biomass yield is defined as the moles of 
biomass produced per mole of substrate consumed. In the CSTR case, the days represent the 
residence time, which in this case is 20. The trend is also confirmed by the R2 coefficient of 0.99 as 
shown in Figure 9. The observed trend of increased biomass yield with a higher volume-to-days 
ratio can be attributed to the effects of the reactor volume and residence time on microbial growth 
and substrate utilization. Larger reactor volumes enhance the homogeneity of the culture 
environment, thereby improving the efficiency of substrate utilization and promoting microbial 
growth. Specifically, larger volumes likely reduce gradients in substrate concentrations and pH 
levels, both of which are critical factors influencing microbial activity [57]. 

Regarding residence time, biomass yield appeared to increase with decreasing residence time. This 
can be explained by examining dynamics of biomass growth in batch and continuous systems. In 
batch processes, biomass typically declines over time due to substrate depletion and the 
accumulation of inhibitory byproducts. In contrast, CSTRs sustain biomass growth through the 

Figure 9: Graph representing the correlation between biomass yield (molbiomass/molsubstrate) and 
the volume-to-days ratio (ml/days) 
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constant supply of the substrate. Therefore, especially in batch processes, as was the case in five of 
the six scenarios examined, extending the operation beyond optimal time frames results in 
prolonged periods of low biomass concentration, negatively impacting the overall yield.  While this 
is likely true for batch systems, where glucose is rapidly consumed, leading to extended periods of 
substrate limitation and accumulation of acids that more readily cause inhibition and pH decrease, 
further investigation must be conducted for the CSTR case. 

Analysis of the graph in Figure 10 shows that, in the first five Experiments, activation of 
homoacetogenesis occurs within the first 10 days, suggesting the presence of a potential limit in the 
system. However, in the last Experiment, the activation time is significantly longer, probably due to 
the greater and more constant supply, therefore, availability of glucose, which allows for longer 
hydrogen production. In support of this, it can be noted that on day 8, the residual glucose 
concentration is very low in the first five cases: 11, 4.2, 8.2, 1.2, and 4.6 mmol, respectively, indicating 
rapid substrate consumption, while in the continuous reactor it is being fed at a rate going from 
0.125 g/day to 0.875 g/day. In Experiment 1, although the residual glucose is not as low as in the 
others, a pH below 5 may have affected metabolism, hindering hydrogen production. Therefore, the 
questionable data that might seem to arise from the higher residual value in case 1 can be explained 
by considering the inhibitory effect of the low pH. This suggests that, in addition to glucose 
availability, pH also plays a determining role in metabolic activity[58]. 

Figure 10: Bar chart depicting the lag time before the onset of homoacetogenesis 
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Additionally, as shown in Figure 11, analysis of the homoacetogenesis experimental stoichiometric 
coefficients reveals a direct correlation with activation time: in the first five cases, where the shift is 
short, the coefficients are high, indicating intense homoacetogenesis activity. In contrast, in the last 
case, where homoacetogenesis is only activated at day 94 out of 100, the coefficients are close to zero, 
indicating a negligible impact of this metabolic process. This trend shows that homoacetogenesis 
plays a predominant role in cases of rapid activation, while it is insignificant when activation is late, 
consistent with the prolonged glucose availability observed in the last Experiment. 

In Experiment 1, the lower coefficients could be explained by the lower initial production of 
hydrogen, which reduced the availability of this species for subsequent processes, thus limiting the 
intensity of homoacetogenesis. 

 

 

 

Figure 11: Bar chart illustrating the experimental stoichiometric coefficients for hydrogen (H2), acetic 
acid (Hac) and carbon dioxide (CO2) during the homoacetogenic phase across six experiments 
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Regarding the kinetic constants characterizing homoacetogenesis, KH2,max and KH2,s, as indicated in 
Figure 12, both exhibited a linear dependence on pH in batch experiments, although inversely. 
Specifically, KH2,max showed an increasing trend with rising pH, whereas KH2,s displayed a decreasing 
trend. The observed linear dependence of the kinetic constants of the two kinetic constants on pH in 
batch experiments can be hypothesized to result from pH-dependent enzyme activity in 
homoacetogenesis. As pH increases, the maximum specific hydrogen uptake rate KH2,max rises, 
possibly due to enhanced activity of hydrogenase enzymes under alkaline conditions. 
Simultaneously, the decrease in the half-saturation constant KH2,s suggests that the enzymes have a 
higher affinity for hydrogen at higher pH levels, requiring lower hydrogen concentrations to achieve 
half-maximal activity. This hypothesis aligns with the understanding that enzyme kinetics are 
influenced by pH, which affects both the activity and substrate affinity of enzymes involved in 
hydrogen uptake.  The linear correlation has not been confirmed in the CSTR case, which may 
indicate that operational modes, whether continuous or discontinuous, significantly influence these 
parameters. Surely, further investigation in this direction is necessary for a more complete analysis. 
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4.  Conclusions 
The model developed in this study performed well, providing reliable and insightful results when 
compared to experimental data. The findings suggest that CSTR operation may be the most 
favorable mode for hydrogen production during dark fermentation, as it mitigates the negative 
impact of hydrogen consumption through homoacetogenesis. However, further experiments with 
additional CSTR cases are warranted to observe potential trends in kinetic parameters under varying 
operating conditions, which could offer deeper insights into optimizing this mode. Additionally, 
analysis of operational parameters revealed that larger reactor volumes, promoting greater 
homogeneity, positively influence hydrogen production, likely due to improved mixing and 
distribution of substrates and microorganisms. 

Expanding the range of operating conditions—such as substrate type, temperature, pH, reactor 
volume, and fermentation duration—would allow for further refinement of the model, enhancing 
its predictive accuracy and adaptability to different systems. 

Broadening the research to include a variety of substrates, particularly waste materials or low-value 
raw materials, could also improve the economic viability of the process, despite the added 
complexity and potential decrease in efficiency. The use of waste substrates, in particular, aligns 
with circular economy principles, supporting environmental sustainability and reducing costs while 
potentially providing an alternative to more expensive substrates like glucose. 
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