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Abstract

This study presents the design and optimization of a laboratory-scale bubble column bioreactor (BCB) for bioethanol
fermentation. Python-based simulations in Google Colab were employed to analyze mass transfer dynamics,
hydrodynamic behavior, and reactor scale-up strategies under varying aeration rates. Although ethanol production is
an anaerobic process, oxygen transfer analysis was conducted to characterize reactor performance and establish
oxygen-limited conditions suitable for Saccharomyces cerevisiae fermentation, incorporating mass transfer modeling,
reaction kinetics, process control, and sparger design to enhance fermentation efficiency. To further enhance
fermentation efficiency, Response Surface Methodology (RSM) was applied following a two-stage optimization
approach. A working volume of 500 mL was defined using fermentation kinetics, including an oxygen uptake rate of
1.1 g O,/g cells, biomass yield of 0.5 g/g glucose, and kra of 50 h™*. A perforated plate sparger with six 1.2 mm orifices
achieved a gas velocity of 90.3 m/s and 2.68 mm bubble size. Aeration was dynamically controlled to maintain 0.002
g/Li dissolved oxygen, while pH was regulated at 5.0-5.5 using NaOH dosing. These conditions yielded 44.3% ethanol.
A full factorial design identified Time, Air Flow Rate, Cell Loading, and Bead Mass as significant factors. RSM with
Central Composite Design confirmed a significant quadratic model (F = 14.14, p < 0.0001; R? = 0.9601, Adjusted R? =
0.9201). Cell Loading (F = 48.48) and Bead Mass (F = 26.53) had the strongest effects. Optimal conditions yielded 47.9%
ethanol at 52.70 h, 1.55 L/min air, 1.51 g/L cells, and 47.20 g beads, with 0.84% prediction error.
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1. Introduction Saccharomyces cerevisiae being the most widely
used microorganism due to its high ethanol yield,
robustness, and adaptability to industrial
conditions [2]. To optimize bioethanol production,
it is crucial to enhance mass transfer efficiency,
regulate fermentation parameters, and minimize
process limitations, which necessitates the
development of efficient bioreactors [3].

Among various bioreactor configurations, the

The global shift toward sustainable energy
sources has intensified research into bioethanol
production, primarily due to its renewability,
carbon neutrality, and potential as a fuel additive
[1]. Bioethanol is commonly produced through the
fermentation of sugars by yeast, with
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significant attention due to its high oxygen
transfer efficiency, simple design, low energy
consumption, and ease of scale-up [4,5]. BCBs
operate by introducing air or oxygen in the form
of bubbles, which facilitates gas-liquid mass
transfer and mixing without requiring
mechanical agitation [6]. This feature makes
BCBs particularly advantageous for aerobic
fermentation processes such as yeast-based
ethanol production, where oxygen supply, pH
stability, temperature control, and foam
management are critical for process optimization
[7-9].

To effectively design and optimize a BCB for
bioethanol fermentation, computational tools
such as Python-based modeling are essential for
predicting mass transfer rates, reaction kinetics,
and process stability. Google CoLAB simulations
enable the evaluation of key parameters such as
oxygen uptake rate (OUR), volumetric oxygen
transfer coefficient (kLa), glucose consumption
rate, ethanol yield, and CO, evolution. Proper
control of these factors ensures maximum ethanol
productivity while preventing process limitations
such as oxygen depletion, pH fluctuations, and
excessive foam formation [10]. While ethanol
production by Saccharomyces cerevisiae occurs
optimally under anaerobic or oxygen-limited
conditions, understanding the oxygen transfer
capacity of a bioreactor is critical during the
design phase. Oxygen transfer simulations inform
hydrodynamic design, CO, stripping behavior,
and pre-culture oxygen exposure. Moreover, due
to the Crabtree effect, ethanol production can
occur even under limited oxygen conditions,
particularly during batch processes with high
sugar concentrations.

Although bubble column bioreactors have
been widely investigated for aerobic bioprocesses,
limited studies have integrated oxygen transfer
modeling with oxygen-limited ethanol
fermentation design in a laboratory-scale system.
Furthermore, previous works often treat
hydrodynamic design, kinetic modeling, and
statistical optimization as separate steps rather
than a unified computational framework. This
study presents the design, simulation, and
optimization of a laboratory-scale BCB (500 mL)
for bioethanol fermentation, incorporating oxygen
transfer modeling, dynamic aeration control, pH
stabilization, temperature regulation, foam
suppression and response surface methodology.
The novelty of this work lies in the development
of an integrated Python-based computational
platform that simultaneously couples mass
transfer analysis, fermentation kinetics, sparger
design, and multivariable optimization prior to
reactor fabrication. The Python-based
computational framework allows for the
prediction of glucose consumption, biomass

growth, and bioethanol synthesis, providing a
scalable model for industrial bioethanol process
development. Additionally, the implementation of
a two-stage optimization strategy (factorial
screening followed by RSM) within the same
modeling environment provides a systematic
pathway from conceptual design to statistically
validated operating conditions. Based on these
simulations, the reactor was subsequently
fabricated for experimental validation and future
scale-up applications

2. Materials and Method
2.1 Process Design Assumptions

The following assumptions were made to
simplify the design calculations and ensure the
feasibility of scale-up. The system was assumed to
operate under steady-state conditions with stable
fermentation parameters [11], and uniform
mixing was considered to ensure consistent
environmental conditions throughout the reactor.
Cell flocculation was assumed negligible to
prevent sedimentation, and the bioreactor volume
was considered constant with minimal liquid loss.
The initial glucose concentration was fixed at 50
g/LL to ensure sufficient carbon availability for
yeast growth. The yeast oxygen requirement was
estimated at 1.1 g O,/g biomass to sustain aerobic
metabolism [12], while glucose consumption
under optimal conditions was assumed to occur at
a rate of 2 g/L‘h [12]. The reactor was assumed to
experience 15% gas holdup (e = 0.15), thereby
reducing the effective liquid volume [14].

Oxygen transfer was described using film
theory, where the driving force is defined as the
difference between the saturated dissolved oxygen
concentration and the actual oxygen level in the
medium [15]. A minimum dissolved oxygen
concentration of 0.002 g/L was required to prevent
oxygen limitation [12]. Yeast growth kinetics were
modeled using the Monod equation with a
maximum specific growth rate of 0.3 h™ [16] and
a substrate affinity constant (Ks) of 1 g/L,
indicating that growth rate depends on glucose
concentration [17]. The biomass yield on glucose
(Yy/s) was taken as 0.5 g cells/g glucose, meaning
that 50% of glucose is converted into biomass [13],
[18]. The ethanol yield on glucose (Y,/s) was
assumed to be 0.48 g ethanol/g glucose, reflecting
that bioethanol production is a secondary process
under aerobic conditions [19]. Carbon dioxide
evolution (YCO,/s = 1.0 g/g glucose) was included
to model gas formation and foam generation [20].

The pH was maintained between 5.0 and 5.5
using an automated NaOH buffering system [21-
22], and when the pH dropped below 5.0, NaOH
was automatically added to restore the optimal
range. Yeast metabolism was assumed to
generate 15 kJ of heat per gram of biomass
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(YQ/X), contributing to an increase in medium
temperature [23]. Foam formation was modeled
based on CO, and ethanol production rates [24],
and when foam volume exceeded 10% of the

reactor  height, antifoam agents  were
automatically dosed [24]. The governing
equations for biomass growth, ethanol

production, and process control were solved using
the Runge—Kutta numerical integration method
[25-28]. Finally, the system was simulated for 48
hours to evaluate long-term fermentation
performance [29]. Figure 1 presents a schematic
overview of the integrated computational

Definition of Input Parameters, Equations
and Assumptions for BCB

Computation of Reactor
Volume

Using Python in Google

CoLAB

Modelling of Oxygen Transfer and Fermentation Kinetics

Design of Sparger and Calculation of Gas Dispersion

Development of Process Control Strategies
(pH, Aeration, Temp, Foam)

Conducting Experimental Validation of Fabricated Reactor

Analyzing and Comparing Experimental and Simulated

Results
Figure 1. Flow chart of the integrated
computational framework for hydrodynamic
modeling, mass transfer analysis, Kkinetic

simulation, and process optimization of the
bubble column bioreactor.

approach adopted in this study. The framework
combines hydrodynamic modelling, mass transfer
evaluation, reaction kinetic simulation, and
process optimization to systematically analyse
and enhance the performance of the bubble
column bioreactor.

2.2 Determination of Reactor Volume Using the
Equation of State

The working volume of the bubble column
bioreactor (BCB) was determined using an
equation of state for fermentation processes
involving immobilized yeast cells [30]. The reactor
volume (V) was computed based on mass transfer,
oxygen uptake, and glucose consumption kinetics
[31]. In a bubble column fermenter, oxygen
transfer occurs through the Gas phase (bubbles
rise through the liquid) and Liquid phase (oxygen
dissolves and is consumed by yeast). Equations (1-
33) describes the equation of state and kinetic
expression of the bubble column fermenter [31-
32]. Python code for the design calculation is
presented in the supplementary file attached.

At steady state, the oxygen input via bubbles
equals oxygen consumption by yeast:

Oxygen input = Oxygen transfer

Oxygen consumption
Fo, .Copin = kpa.V.(Co,. — Co,) = V.70, 1)

Since yeast consumes oxygen based on glucose

uptake, substituting ro2:
Fo, Coyin

y= 22lon @)

Yo,/x Yx/sTs

2.3 Bubble Column Oxygen Transfer Rate

In a bubble column, oxygen dissolves
through gas-liquid mass transfer:

T'Oz = kLa . (Coz* - Coz) (3)

For steady state:

kLa.(Coz* - Coz) = YOZ/X 'YX/S .Ts (4)
Solving for V:
Fo, -Coyin (5)

- kra '(COZ*_ COZ)

Since oxygen solubility follows Henry’s Law:
Substituting Cosz- :

Fo, .Co,in
V= ©)

02
kra (T— COZ)
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Incorporating bubble column gas holdup: in a
bubble column, gas holdup &; represents the
fraction of reactor volume occupied by gas
bubbles:

V,=V(1-¢gy) (7)

r0; =Yo,/x - Yxs 75 ()
P

COZ* = % (9)

Thus, correcting for the effective liquid volume:

Foy -€Coy,in
v, = 2 e (10)

Po
kpa (1-gg) (Tz— C02>

Final equation of state for a bubble column
fermenter: however, in a semi-batch system, the
oxygen mass balance changes over time:

dco,

— T0, ®
dt

X

kLa . (Coz* - COZ) - (11)

dco,
dt

= Change in dissolved oxygen over time  (12)

1o, (t) = Time — dependent oxygen uptake rate (13)

V. = FOZ YOz/X-YX/S rs (14)

Po
kpa (1-gg) (TZ_ COZ)

2.4 Bioreactor Design and Computational
Modeling

A  Google CoLAB-based computational
framework was employed to simulate oxygen
transfer, reaction kinetics, and overall process
dynamics within the BCB. The reactor was
configured as a gas-liquid contactor equipped
with a perforated plate sparger to ensure efficient
gas dispersion. The mathematical formulation of
the system is governed by Equations (1-14),
which describe the hydrodynamic behavior, mass
transfer mechanisms, and reaction Kkinetics
incorporated into the model.

2.5 Oxygen Mass Transfer
2.5.1 Oxygen transfer modeling purpose

Oxygen transfer modeling was conducted not
to simulate aerobic ethanol production, but to
characterize  the reactor’s hydrodynamic
performance under different flow regimes.
Parameters such as the oxygen transfer rate
(OTR) and oxygen uptake rate (OUR) were
calculated to estimate reactor volume, gas holdup,
and dynamic aeration needs prior to switching to
oxygen-limited conditions. These metrics are
routinely used in fermenter design, even when
operating conditions are anaerobic [47-48].

OTR = kia.(Co,. — Co,) (15)

2.5.2 Fermentation kinetics

Biomass growth was modeled using the
Monod equation:

U= HUmaxS (16)

Ks+S
where, U4, 18 the maximum specific growth rate
(0.3 h'1) and K is the substrate affinity constant
(1 g/L). Glucose consumption followed first-order
kinetics:

St)=S,.e"st )]

2.5.3 Sparger design

The sparger is a crucial component of the
bubble column bioreactor (BCB), facilitating gas
dispersion, oxygen transfer, and mixing within
the fermentation medium [33]. Its design affects
key parameters such as Dbubble size and
distribution, which influence mass transfer
efficiency, gas holdup and residence time,
impacting oxygen availability for microbial
growth, and pressure drop, determining energy
consumption for aeration. Common sparger types
include orifice spargers (perforated plates) for
uniform gas distribution with moderate pressure
drop, porous spargers for fine bubbles and high
oxygen transfer but increased pressure drop, and
ring or cross spargers for even gas dispersion. For
this 500 mL laboratory-scale BCB, a perforated
plate sparger is chosen due to its simple
fabrication, uniform bubble dispersion, and
moderate pressure drop. The sparger was
designed as a perforated plate with six orifices of
1.2 mm diameter, ensuring uniform gas
dispersion. The design calculations for the sparger
uses Equations (18-24). The Python code for
solution to the equation is presented in the
supplementary file attached.

Total Gas Flow Rate (Qg):

V.OUR
Qg = (Cop-Coy) (18)
Orifice Diameter (do):

2AP
Qg = I (19)
Qy = N.4,v, (20)

— |*9
d, = ey (21)
Sparger Pressure Drop (AP):
2

AP = () x 27 (22)
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Bubble Size and Rise Velocity (db):

dy, = 1.36 X (ﬁ)w (23)

Bubble rise velocity is estimated using Stokes'
Law:

_ 2
v, = % % (p1 l:;g)gdb (24)
2.6 Process Control Strategies

Dynamic aeration control: the oxygen flow rate
was dynamically adjusted based on real-time
oxygen uptake rate (OUR) and oxygen transfer
rate (OTR) using:

OUR-OTR

Fo,(t) = Fo, it X (1 + orn ) (25)

pH regulation: a buffering system was used to
maintain pH within 5.0-5.5 through automated
NaOH dosing:

pH (t) = pH, — kCO,.CO,(t) (26)

Temperature and foam control: heat generation
from microbial metabolism was modeled as:

Q= Yox-X (27)

Aeration power requirement: the power required
for aeration in a bubble column is estimated
using:

_ Fo, .pg.g- Ht
n

P (28)

Glucose depletion over time: glucose is consumed
based on first-order kinetics:

St)=S,.e"st (29)

Biomass growth over time: biomass follows an
exponential growth model:

X (@) =X, ett (30)

Oxygen Uptake Rate (OUR): determines how
much oxygen yeast consumes per unit of biomass:

rOZ = YOz/X X (t) (31)

Substrate yield efficiency (Ysx): indicates how
efficiently glucose is converted into biomass:

_ Sconsumed
Yo = S o-x, (32)

Gas flow optimization (Oxygen Transfer Rate,
OTR): compares oxygen uptake rate (OUR) and
oxygen transfer rate (OTR) to check if oxygen
supply is sufficient:

OTR = kia.(Co,. — Co,) (33)

2.7 Python Code Simulation and Experimental
Validation

The computational model was implemented
in Google CoLab using Python and validated
against literature data. The system of differential
equations was solved using the Runge-Kutta
numerical integration method over a 48-hour
fermentation period [34]. The fabricated reactor,
constructed from stainless steel fittings, was
experimentally tested for gas dispersion
efficiency, oxygen transfer, and process stability
[31]. Results demonstrated strong agreement
between simulated and experimental values,
confirming the robustness of the model for future
scale-up applications.

2.8 Bioreactor Design and Computational
Framework

The bubble column bioreactor was designed
to facilitate oxygen mass transfer, substrate
utilization, and process stability. A Google Co-
Lab-based computational model was developed to
simulate key fermentation parameters and
optimize process conditions.

2.9 Fabrication of the Reactor

The fabrication of the laboratory-scale
bubble column bioreactor (BCB) was based on the
computed reactor volume of 500 mL, ensuring an
optimal aspect ratio for efficient gas-liquid mass
transfer. The reactor was constructed using
stainless steel to provide durability, chemical
resistance, and ease of sterilization, making it
suitable for bioethanol fermentation. Based on the
calculated working volume, the reactor was
designed with a height of 70 cm and a diameter of
3.02 cm, maintaining an aspect ratio which
enhances bubble dispersion, oxygen transfer, and
fermentation efficiency.

An air rotameter was installed to regulate
the airflow rate within the column, ensuring
controlled oxygen supply. A mini air compressor
was sized based on the calculated aeration power
requirement (0.006 W) to provide sufficient gas
flow for effective mass transfer. Pressure sensors
were incorporated to monitor system pressure,
preventing over-aeration, and maintaining
process stability. A temperature controller was
integrated to regulate the fermentation
temperature to 35 °C, by circulating hot water,
preventing heat-induced yeast inhibition. The
fabricated reactor was tested using a 5 g/L glucose
solution with immobilized Saccharomyces
cerevisiae, and key operational parameter such as
ethanol yield were evaluated. Further drawings
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and picture of the experimental setup is shown in
Figure S1-S5 of the supplementary file.

2.10 Optimization of Process Parameter for the
Bubble Column Bioreactor

2.10.1 Materials

Ferric chloride with purity of 99%,
glutaraldehyde, acetic acid (99%), calcium
chloride, 3,5-Dinitrosalicylic acid (DNS) and
chitosan with molecular weight of 4.9 x 10° and
degree of deacetylation of 85% were purchased
from Sigma Aldrich. Ferrous chloride with purity
of 98% was obtained from Thermo Fisher. Sodium
acetate with molecular weight of 82.03g/mol was
supplied by Merck. Ammonium hydroxide
(NH4OH, 25% v/v) was obtained from Fisher
Scientific. Sodium hydroxide (NaOH) with
molecular weight of 39.9 g/mol was purchased
from Alfa Aesar. Sodium alginate with average
molecular weight of 2.4 x 10° was gotten from
FMC BioPolymer. Saccharomyces Cerevisiae
(strain SCY026) was obtained from Nanjing
Tessin Biotechnology Co., Ltd. China.

2.10.2 Experimental design approach

A two-stage statistical design methodology
was employed to optimize ethanol fermentation in
a 500 mL Dbubble column bioreactor using
Saccharomyces cerevisiae immobilized on iron
oxide nanoparticle-modified calcium alginate
beads. The study initially utilized a factorial
design of experiments (DOE) to evaluate the
effects of seven independent factors temperature,
pH, substrate concentration, fermentation time,
gas flow rate, mass of immobilization beads, and
cell loading on supports on ethanol yield. The
results from the factorial analysis were used to
construct a Pareto chart, identifying the three
most statistically significant factors covering
biological (yeast activity and immobilization),
chemical (substrate concentration and pH), and
reactor hydrodynamic properties (gas flow rate
and mass transfer efficiency). These parameters
were subsequently optimized using a Central

Composite Design (CCD) within Response Surface
Methodology (RSM) to establish optimal
conditions for enhanced ethanol production [35-
37].

2.10.3 Factorial experimental design

A full 27 factorial design was employed to
assess the main and interaction effects of the
seven selected parameters. Each factor was
evaluated at three levels: low (-1), medium (0),
and high (+1), ensuring a comprehensive
experimental space (Table 1). The factorial
experiment comprised 32 randomized trials with
replicates to improve statistical accuracy. Ethanol
yield was designated as the response variable, and
data were analyzed using Analysis of Variance
(ANOVA). A Pareto chart was used to rank the
significance of each parameter based on its impact
on ethanol yield. The three most influential
factors identified were selected for further
optimization using CCD [38-39].

2.10.4 Optimization using Central Composite
Design (CCD)

The three most significant factors identified
from the factorial analysis were optimized using
CCD within RSM, which provides a robust
framework for modeling quadratic interactions
and optimizing nonlinear responses. The CCD
included axial points (+a), factorial points (-1, +1),
and central points (0,0), resulting in a total of 30
experimental runs, sufficient to capture second-
order polynomial effects. A quadratic regression
model was developed to describe ethanol yield as
a function of the selected process parameters.
Model adequacy was assessed using ANOVA,
coefficient of determination (R?), lack-of-fit tests,
and residual diagnostics. Optimization was
carried out using response surface plots and
desirability function analysis to determine the
ideal fermentation conditions that maximize
ethanol yield while minimizing residual glucose
concentration. The second order polynomial model
1s represented as shown in Equations (34-36) [40]:

Table 1. Variation of parameter for six (7) numerical factors [41-43].

Variable Low level (-1) High level (+1)
Time (h) 24 96
Substrate Concentration (g/L) 50 200

Cell loading (OD600 Value) 1 5

Mass of immobilized bead (g) 10 50
Temperature (°C) 25 40

pH 4.5 5.5

Air Flow rate (I/min) 0.5 2.5
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Y= B+ Z?:lﬁiXi + Z?:1ﬁiiXi2 +
Dic1 X iz By XiX; + € (34)

where Y represents ethanol yield, Xi are the
independent variables, and fo, fi, Bi, B are
regression coefficients. Model adequacy was
validated using ANOVA, coefficient of
determination (R2), and lack-of-fit tests:

_ Z(Yexp_ Ypred)z

RZ=1 —
Z(Yexp_ 7)?

(35)

A non-significant lack-of-fit test indicated a well-
fitted model:

__ Mean Square Lack of Fit
Fror = (36)

Mean Square Pure Error

The optimal fermentation conditions were
predicted using response surface plots and
desirability function analysis and validated
through confirmatory experiments.

2.10.5 Bioreactor Setup and Fermentation
Conditions

All  fermentation  experiments  were
conducted in a custom-designed 500 mL bubble
column bioreactor as shown in Figure 2. The
bioreactor was operated under batch mode, with a
working volume of 400 mL, allowing sufficient
headspace for gas-liquid interactions. The
immobilization beads, consisting of iron oxide
nanoparticle-modified calcium alginate, were
introduced at predefined concentrations to
facilitate cell retention and enhance metabolic
activity. The fermentation medium contained
glucose (50-200 g/L) as the primary carbon
source, supplemented with yeast extract (5 g/L),
ammonium sulfate (2 g/L), magnesium sulfate
(0.5 g/L), and potassium phosphate buffer (2 g/L).
The pH was adjusted within the experimental
range using 1 M HCl and 1 M NaOH solutions.

Bubble Column Bioreactor

Water Bath

Digital Flow meter
Rotameter

Pressure guage

Air compressor

Feed Pump

Figure 2. Schematic representation of the bubble
column bioreactor.

Gas flow rate was controlled using a precision
rotameter (0.5-2.5 L/min), and temperature was
maintained via a thermostatically controlled
water jacket.

2.10.6 Bead preparation and immobilization
procedure

The immobilization beads were prepared by
ionic gelation of calcium alginate (2% w/v)
crosslinked with CaCl, (0.1 M), incorporating iron
oxide nanoparticles (Fe;0,) at 0.5% (w/v). The
modified beads were synthesized by dispersing
Fe;0, nanoparticles (<50 nm particle size) into
the alginate solution under constant stirring,
followed by extrusion into a CaCl, bath using a
peristaltic pump with a nozzle diameter of 0.5 mm
to ensure uniform bead size (~2 mm in diameter).
Immobilized S. cerevisicde was introduced at
varying concentrations based on optical density at
600 nm (OD600, range: 1.0-4.0). The beads were
hardened for 1 hour, washed with sterile saline,
and stored at 4 °C before use.

2.10.7 Analytical methods

Fermentation samples were collected at
predetermined intervals for ethanol and glucose
quantification. Ethanol concentration was
measured using  high-performance liquid
chromatography (HPLC, Agilent 1260 Infinity)
equipped with a refractive index detector (RID)
and an Aminex HPX-87H column (Bio-Rad, USA),
operated at 65 °C with 5 mM sulfuric acid as the
mobile phase (0.6 mL/min flow rate). Glucose
concentration was determined using a glucose
oxidase-peroxidase (GOD-POD) enzymatic assay
kit. Yeast viability within the immobilized beads
was assessed using colony-forming unit (CFU)
counts after bead dissolution in sodium citrate
(0.1 M). Ethanol yield was calculated based on
equation 37. The theoretical ethanol yield (0.51 g
ethanol/g glucose) was wused to determine
fermentation efficiency (1) as shown in Equation
(38).

Ce

Ye/s = Ce (37)

where, (., is the final ethanol concentration (g/L),
C; is the glucose consumed (g/L).

_ Yess
n= ;% x100 (38)

2.10.8 Statistical analysis and model validation

All experimental data were analyzed using
Design-Expert® software (Stat-Ease Inc., USA).
Factorial analysis was conducted using ANOVA,
identifying significant factors through p-values
(<0.05) and effect estimates. For CCD, regression
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coefficients were estimated, and response surface
plots were generated to visualize interaction
effects. The final optimization model was
validated by conducting confirmatory
experiments under the predicted optimal
conditions, comparing experimental ethanol
yields to model predictions using percent error
analysis.

3. Results and Discussion
3.1 Design of the Bubble Column Fermenter

Fermentation experiments were performed
under oxygen-limited conditions. After an initial
biomass buildup period, the reactor was sparged
with nitrogen to reduce the dissolved oxygen level.
Dissolved oxygen was maintained below 0.2 mg/L
throughout fermentation. This ensured that
ethanol synthesis occurred under microaerobic
conditions typical of batch ethanol fermentations.

The calculated parameters for the bubble
column bioreactor and the sparger as shown in
Table 2 and Table 3 ensure optimal reactor
performance by balancing oxygen transfer, gas
dispersion, and microbial growth. The oxygen
transfer coefficient (krLa) of 50 h™* aligns well with
literature values for effective oxygenation in
aerobic fermentation. Studies have shown that
optimal oxygen transfer coefficients generally
range from 45 to 60 h™!, depending on system
configurations and microbial oxygen demands
[44]. For instance, a study on high-density
fermentation of Spathaspora passalidarum
demonstrated peak ethanol volumetric
productivity at a kra of 45 h7™', reducing
fermentation time significantly [45]. The reactor
volume of 500 mL was chosen based on mass
transfer efficiency and oxygen uptake demands to
ensure a scalable design. A comparative study on
oxygen mass transfer in different bioreactor

Table 2. Summary of calculated parameters.

Parameter Value
Reactor Volume (V) 500 mL
Oxygen Transfer Coefficient (kra) 50 h
Oxygen Uptake Rate (OUR) 1.1 g O,/g cells
Biomass Yield (Yxs) 0.5 g cells/g
glucose
Glucose Consumption Rate (rs) 2 g/LL'h
Gas Flow Rate (Qy) 2.2 L/h
Gas Holdup Fraction ¢ 0.15
Orifice Diameter (do) 1.2 mm
Number of Orifices (V) 6
Bubble Diameter (db) 2.68 mm
Gas Velocity Through Orifice (vo) 90.3 m/s
Pressure Drop Across Sparger 14 kPa

(AP

scales suggested that maintaining a consistent
krLa across different volumes is key to ensuring
predictable scale-up outcomes [46]. In a pilot-scale
fermentation system, it was found that
maintaining a similar krLa between 5 L and 50 L
fermentors allowed for consistent microbial
growth and product yield [46].

The sparger design, with six orifices of 1.2
mm diameter, provides a bubble diameter of 2.68
mm, optimizing gas-liquid mass transfer. The
design considerations align with findings that
emphasize the importance of sparger geometry in
determining shear conditions and gas dispersion
efficiency [47]. Studies indicate that sparger
designs with multiple smaller orifices produce
finer bubbles, increasing surface area for oxygen
transfer and improving kLa [48]. Compared to
perforated plate spargers, membrane-tube
spargers have been shown to improve gas
dispersion efficiency by up to 48% [48]. The
pressure drop across the sparger (14 kPa) ensures
sufficient gas penetration while avoiding
excessive turbulence. Excessively high gas
velocities can lead to shear stress-induced cell
damage, particularly in mammalian cell cultures,
where gas entrance velocities above 60 m/s have
been shown to negatively affect viability [49]. The
balance between adequate gas penetration and
avoiding excessive shear forces is critical to
reactor performance.

These design parameters, validated against
computational and experimental data,
demonstrate the feasibility of the system for
bioethanol fermentation at both laboratory and
industrial scales. Computational fluid dynamics
(CFD) studies have shown that optimizing
impeller-sparger interactions significantly
enhances gas dispersion [50]. Furthermore,
maintaining appropriate kra levels in large-scale
fermentations ensures product consistency and
scalability [46]. Future research will explore
further optimizations in gas dispersion efficiency
and process scalability, integrating real-time
control mechanisms to enhance fermentation
performance in large-scale applications.

Table 3. Parameters for the sparger used in the
bubble column bioreactor for the fermentation
process.

Parameter Value
Gas Flow Rate (Qy) 2.2 L/h
Orifice Diameter (do) 1.2 mm

Number of Orifices (V) 6

Gas Velocity Through Orifice (v))  90.3 m/s
Pressure Drop (AP) 13.9kPa
Bubble Diameter (db) 2.68mm
Bubble Rise Velocity (vb) 0.18 m/s
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Developing adaptive sparger configurations and
aeration  strategies tailored for specific
bioprocessing conditions can further improve
oxygen transfer efficiency [51]. Additionally, real-
time monitoring of oxygen mass transfer rates
will allow for dynamic adjustments to maintain
optimal conditions throughout the fermentation
process.

Figure 3 (a) illustrates the glucose
consumption trend throughout the fermentation
process. The curve typically exhibits an
exponential decay pattern, consistent with first-
order substrate consumption kinetics. At the
initial stages, glucose concentration remains
high, but as yeast biomass increases, glucose is
rapidly metabolized, leading to a steep depletion.
Similar trends have been observed in previous
studies, where glucose depletion directly
correlates with ethanol production and cell
growth [33]. The observed decline aligns with
standard fermentation models for Saccharomyces
cerevisiae, indicating efficient substrate
utilization.

However, after an extended period, the rate
of glucose depletion gradually slows as yeast cells
reach stationary phase due to substrate
exhaustion or ethanol accumulation. A study by
Pino et al. (2018) reported similar trends in
bubble column bioreactors, where a faster glucose
depletion rate was linked to increased aeration
and oxygen transfer efficiency [52]. This

highlights the need for process monitoring and
control to optimize fermentation time and yield.

Figure 3 (b) displays the biomass
concentration trend throughout fermentation.
Initially, biomass remains low, as cells undergo an
adaptation (lag phase). As glucose becomes
available, biomass enters the exponential growth
phase, where the growth rate is dictated by the
Monod equation. The figure shows a logarithmic
increase in biomass during the mid-phase,
aligning with literature reports on bubble column
bioreactors, where oxygen transfer efficiency and
glucose concentration play a major role in cell
proliferation [7].

At later stages, biomass plateaus, indicating
that cells have entered the stationary phase,
where substrate depletion, ethanol accumulation,
and oxygen limitation begin to restrict growth.
This trend was similarly observed in microbial
fermentation models, where optimal aeration
rates were required to sustain prolonged cell
activity [10].

Figure 3(c) highlights the simultaneous
production of ethanol and CO,, reflecting yeast
metabolism during glucose fermentation. As
glucose is consumed, ethanol production steadily
increases, reaching a maximum point before
leveling off due to product inhibition. The
observed ethanol yield (Yrs = 0.48 g/g) 1is
consistent with results from similar bubble
column bioreactor studies [53]. CO, production
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Figure 3. (a) Glucose depletion over time (b) biomass growth over time (¢) Ethanol and CO:z production
over time (d) Oxygen uptake rate (OUR) over time (e) Substrate yield efficiency over time (f) Oxygen
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follows a similar trajectory, confirming its direct
link to ethanol synthesis. Studies on syngas
fermentation and microbial ethanol production
have demonstrated that CO; stripping techniques
can improve fermentation efficiency by removing
product inhibition effects [54,55].

Oxygen uptake rate (OUR) is a critical
parameter in aerobic fermentation, as it
influences cell metabolism and ethanol yield.
Figure 3(d) shows an initial increase in OUR,
corresponding to exponential biomass growth,
where oxygen demand is highest. OUR stabilizes
as biomass reaches a stationary phase [33]. A
decline in OUR towards the end of fermentation
suggests oxygen limitation or substrate depletion,
requiring process optimization through controlled
aeration [53].

Figure 3(e) describes the efficiency of
glucose-to-biomass conversion. Initially, yield
efficiency is high, reflecting efficient substrate
utilization. However, as fermentation progresses,
a declining trend is observed, indicating substrate
limitation or ethanol inhibition. This trend aligns
with bubble column reactor studies, where yield
efficiency fluctuates based on oxygen transfer and
glucose availability [56]. Figure 3(f) shows that
OTR initially increased during the exponential
growth phase due to rising microbial oxygen
demand, peaking as biomass reached its
maximum. As seen in Figure 3 (g), dynamic
oxygen flow rate adjustments helped maintain an
optimal balance between OTR and oxygen uptake
rate (OUR), preventing oxygen limitation.
Similarly, Figure 3 (h) highlights biomass
production trends, with peak biomass
corresponding to maximum oxygen consumption,
after which growth slowed due to substrate
depletion or metabolic shifts. These findings align
with  previous studies emphasizing the
importance of balancing OTR and OUR to sustain
efficient fermentation [57].

pH variation over time, depicted in Figure
3(1), reflected microbial metabolic activity, with
an initial drop due to acid production followed by
stabilization through NaOH buffering,
maintaining pH between 5.0 and 5.5 ensured
enzyme stability and optimal yeast performance,
preventing growth inhibition caused by excessive
acid accumulation. Similarly, Figure 3()
illustrates temperature regulation at 35 °C, which
played a crucial role in sustaining microbial
viability and fermentation efficiency while
minimizing the risk of thermal stress. These
findings are consistent with previous research
highlighting the significance of pH and
temperature control in fermentation processes
[568]. Effective pH correction and temperature
stability contributed to maintaining a favorable
environment for continuous metabolic activity.

Foam control was essential to prevent
process disruptions, with foam levels maintained
below 10% of the reactor height using antifoam
agents and mechanical defoaming strategies.
Excessive foam formation can interfere with
oxygen transfer, sensor accuracy, and overall
process efficiency. By implementing timely foam
control measures, the fermentation process
remained stable, allowing consistent oxygen
transfer and biomass accumulation. Overall, the
integration of dynamic aeration, pH regulation,
temperature control, and foam management
ensured an optimized fermentation process,
maximizing productivity while minimizing
potential operational challenges [59].

3.2 Performance Test of the Bubble column
bioreactor

The experimental setup consists of a bubble
column bioreactor, designed, and fabricated based
on simulation data presented in Figure 2. The
bioreactor comprises a tubular jacketed glass
column, an air supply system powered by a mini
compressor, a glucose feed pump, a digital
pressure gauge, an air rotameter, a temperature
indicator, and a water heater. The reactor, with a
total volume of 500 mL, was utilized to study the
fermentation of glucose using immobilized
Saccharomyces cerevisiae. Table 4 shows the
performance test carried out for the fermentation
of glucose, the average yield of ethanol base on
three experimental run is 44.3%. glucose and
ethanol concentration were determined using
HPLC.

3.3 Comparative Evaluation and
Contextualization of Ethanol Yield

The ethanol yield of 44.3% (g ethanol/g
glucose) obtained in this study is consistent with
yields reported for Saccharomyces cerevisiae in
batch-mode fermentation systems. For instance,
Gonzalez et al., (2022) reported an increase in
ethanol yield from 0.41 to 0.43 g/g glucose in a
packed-bed tapered-column bioreactor under
microaerobic conditions [60]. Similarly, Scriputom
et al. [61] achieved comparable yields in a stirred-
tank bioreactor using CO; stripping, with ethanol
concentrations reaching up to 60.3 g/L. A study
using hydrothermally pretreated wheat straw
with Saccharomyces cerevisiae in a 3 L bubble
column reactor reported an ethanol concentration
of 9.31 g/Li using simultaneous saccharification
and fermentation (SSF) [60]. However, the
strength of the present work lies not merely in the
yield but in the computational-experimental
workflow that underpins the reactor design and
optimization strategy. By integrating a Python-
based dynamic simulation which models
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substrate consumption, biomass growth, ethanol
production, and gas liquid mass transfer with
Response Surface Methodology (RSM) for
empirical optimization, a modular, predictive,
and resource-efficient approach for lab-scale
bioethanol  process development. Unlike
traditional methods that rely on repeated
empirical tuning, this framework enables rapid
design space exploration and process insight with
minimal experimental overhead. While the
current BCB system achieved moderate
productivity under batch operation, its low energy
demand, absence of mechanical agitation, and
effective coupling of computational design with
statistical optimization offer a scalable and
replicable framework for early-stage reactor
development.

3.4 Bead Preparation

The digital photographs as shown in Figure
4 of the prepared modified calcium alginate beads
as support for the immobilization of
saccharomyces cerevisiae. The images clearly
show that the beads have a spherical shape and
are roughly 3 mm diameter. Upon surface
modification with Fez:Os nanoparticles, the
Calcium alginate bead turned dark brown in
colour.

3.5 Selection of Factors Affecting Ethanol Yield
Using Factorial Design

The Pareto chart is a crucial statistical tool
used in factorial experimental design to rank the
influence of independent variables on a response
variable in this case, ethanol yield (%). The
principle follows the Pareto rule (80/20 rule),
where a small number of factors contribute to the
most significant variation in the response (Jia et
al., 2020). The Pareto chart shown in Figure 5 and
Figure 6 illustrates the standardized effects of
seven independent variables on ethanol yield,
evaluated against the Bonferroni limit (3.4558)
and the t-value threshold (2.0395) to determine
statistical significance. Factors with standardized
effects above the t-value threshold are considered
statistically significant contributors to ethanol
yield, while those exceeding the Bonferroni limit
are highly significant at a stricter confidence
level. In this analysis, none of the factors surpass
the Bonferroni limit, indicating that while they
influence ethanol yield, their effects are moderate
in significance. However, four factors Time (h), Air
Flow Rate (I/min), Cell Loading (OD600), and
Mass of Bead (g) exceed the t-value threshold
(2.0395) confirming their statistical significance
for Response Surface Methodology (RSM) using
Central Composite Design (CCD). Figure 5
illustrate the contribution of each factor to ethanol
yield in the factorial design.

Figure 4. Digital photography of the unmodified and modified calcium alginate beads.

Table 4. Experimental studies in the bubble column bioreactor base on 5g/L of glucose.

Response 1 Run; 3 Average %Error
Ethanol Concentration (g/L) 3.75 3.77 3.90 3.8067 2.1
Residual Glucose Conc. (g/L) 0.105 0.104 0.110 0.106 2.32
Ethanol Yield (% v/V) 45 44.5 43.5 44.3 1.5
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Among the selected factors, Time (h) exhibits
the highest standardized effect, making it the
most influential factor in ethanol production.
Prolonged fermentation allows microorganisms to
metabolize substrates effectively, increasing
ethanol yield, but excessive fermentation time can
lead to ethanol toxicity and a shift toward by-
product formation [62]. Air Flow Rate (L/min)
ranks as the second most significant factor,
underscoring the role of oxygen transfer in
fermentation. Proper aeration enhances yeast
metabolism and ethanol production; however,
excessive aeration may favor oxidative pathways,
reducing ethanol yield [63-65]. Cell Loading
(OD600) 1s the third most impactful factor, as
higher microbial biomass ensures an increased
fermentation rate, though excessive cell loading
can cause nutrient depletion, leading to substrate
inhibition and inefficient ethanol conversion [66-
67]. Mass of Bead (g), which supports immobilized
fermentation, was the fourth most significant
factor. A higher bead mass facilitates enhanced
cell retention, improving ethanol productivity, but
excessive bead concentration can reduce effective
mass transfer and create diffusion limitations [68-
69].

In contrast, Temperature (°C) and Substrate
Concentration (g/L) fall below the t-value
threshold, indicating their statistically
insignificant effect within the experimental
conditions. While temperature is a critical factor
in microbial metabolism, its effect in this study
suggests that variations within the tested range
did not strongly influence ethanol yield. Substrate

Sqrt(Ethanol Yield)

concentration, which typically correlates with
ethanol yield, also showed a lower impact,
suggesting that microbial cells were not
substrate-limited under the given conditions. pH
was the only factor that exhibited a negative
effect, indicating that deviations in pH might have
led to wunfavorable fermentation conditions,
potentially inhibiting enzyme activity or microbial
viability [70-71]. By selecting the four most
significant factors based on statistical thresholds
as shown in Figures 6 and 7, the RSM CCD model
can be optimized for ethanol yield with reduced
experimental complexity while maintaining
predictive accuracy.

3.5 Determining CCD Factor Levels (Including
Axial Points)

For a Central Composite Design (CCD), the
levels are extended beyond the factorial points
using axial points (*a) to capture curvature
effects. The typical a value for rotatable CCD is
1.414, therefore the axial points are calculated
based on the initial range of values from the
factorial experimental design done previously.
Table 5 shows the estimation of factors for the
CDD RSM design calculated based on Equation
(39).

3.6 Analysis of Variance (ANOVA) for the
Quadratic Model in Ethanol Yield Optimization

The analysis of variance (ANOVA) for the
quadratic model evaluating ethanol yield as

Pareto Chart
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Figure 5. Effect of t-value on the ranking of factors in the Pareto Chart.
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shown in Table 6 revealed that the model is
statistically significant, with an F-value of 14.14
and a p-value of <0.0001. This confirms that the
selected 1independent variables and their
interactions contribute significantly to explaining
the variance in ethanol production. Prior studies
have similarly emphasized the importance of
ANOVA in assessing the reliability of predictive
models in bioethanol production, demonstrating
its effectiveness in optimizing fermentation
conditions [72-73].

Among the individual factors, cell loading (C)
exhibited the highest impact on ethanol yield (F =
48.48, p <0.0001), followed by mass of bead (D) (F
= 26.53, p = 0.0001). This aligns with previous
research indicating that cell concentration plays a
crucial role in fermentation efficiency, affecting
both substrate consumption and ethanol
productivity [74]. The significant effect of air flow
rate (B) (F = 5.88, p = 0.0284) suggests that
oxygen availability is a key factor in yeast
metabolism, a finding consistent with earlier
studies on aerobic fermentation enhancement
[74,75]. However, time (A) did not show a
significant impact on ethanol yield (p = 0.5013),
suggesting that within the studied range,
extending the fermentation duration does not
necessarily improve ethanol production, which
supports findings from previous kinetic modeling
studies [74,76].

3.7 Interaction Effects and Quadratic Terms

The study also examined the interactions
between factors, revealing that while most

interaction terms were not statistically
significant, the interaction between cell loading
(C) and mass of bead (D) (BD) significantly
influenced ethanol yield (F = 18.27, p = 0.0007).
This suggests that optimizing the balance
between microbial density and bead mass can
enhance ethanol productivity, likely due to
improved mass transfer and substrate
availability, a phenomenon also observed in
immobilized yeast systems [78]. Other
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Figure 7. Contribution of each factor to ethanol
yield in the factorial design.

Pareto Chart

Sqrt(Ethanol Yield)
263 —

A: Temperature

B: pH

C: Substrate Concentration

D: Cell Loading

E: Time 1.97 -

F: Air Flow Rate

G: Mass of Immobilized bead

. Negative Effects 131

t-Value of |Effect]|

0.66 —

0.00 —

Rank

Figure 6. Factor labels on the Pareto chart showing the most significant factors.

Copyright © 2026, ISSN: 3032-7059



Journal of Chemical Engineering Research Progress, 3 (1), 2026, 149

interactions, including AB, AC, AD, BC, and CD,
were not significant (p-values > 0.1), indicating
that their effects on ethanol yield are negligible
under the studied conditions.

The quadratic terms demonstrated a
substantial impact on ethanol yield, indicating
nonlinear relationships between the process
variables. The quadratic effects of time (A% (F =
27.31, p = 0.0001), air flow rate (B?) (F =28.81, p
< 0.0001), and cell loading (C?) (F = 60.80, p <
0.0001) were highly significant, confirming the
presence of optimal levels for these variables
beyond which ethanol yield declines. Similar
findings have been reported in studies applying
response surface methodology (RSM) to
bioethanol production, where nonlinearity in
fermentation parameters necessitated
optimization using second-order models [77-79].
The quadratic term for mass of bead (D?) was also
significant (F = 6.27, p = 0.0243), suggesting that
excessive bead mass may hinder yeast mobility,
reducing ethanol yield [79].

3.7.1 Model adequacy and lack of fit analysis

The residual error, with a mean square value
of 0.1874, was relatively low, indicating good

model fit. Furthermore, the lack of fit test (F =
0.8681, p = 0.6046) was not significant, confirming
that the model effectively represents the
experimental data without systematic deviations.
This is crucial in fermentation process modeling,
as inadequate model fitting can lead to erroneous
optimization results. The total sum of squares of
39.90 further reinforces that most of the variance
in ethanol yield is accounted for by the selected
predictors.

3.7.2 Model fit statistics

The model fit statistics as shown in Table 7
confirm the reliability of the regression equation
in predicting ethanol yield.

3.7.3 Key statistics

Key statistics include R?* = 0.9296 means
strong model fit, explaining 92.96% of variability;
Adjusted R? = 0.8638 means high predictive
accuracy, considering model complexity; Predicted
R? = 0.7054 means reasonable predictive
capability, though slightly lower; and Adequate
Precision = 13.8081 means strong signal-to-noise
ratio (>4), confirming model reliability. The final

Table 5. Estimation of factors for the CDD RSM design (negative values of factors were truncated to its

minimum feasible value).

Factor Low (-1) Center (0) High (+1) Axial Low (-a) Axial High (+a)
Time (h) 24 60 96 11.8 108.2
Air Flow Rate (I/min) 0.5 1.5 2.5 0.07 2.93
Cell Loading (OD600) 1 3 5 0.3 5.7
Mass of Bead (g) 10 30 50 -2.8 62.8
Table 6. ANOVA table for the quadratic model.
Source Sum of Squares df  Mean Square F-value p-value Status
Model 37.09 14 2.65 14.14 < 0.0001 significant
A-Time 0.0890 1 0.0890 0.4749 0.5013
B-Air Flow Rate 1.10 1 1.10 5.88 0.0284
C-Cell Loading 9.09 1 9.09 48.48 <0.0001
D-Mass of Bead 4.97 1 4.97 26.53 0.0001
AB 0.1314 1 0.1314 0.7015 0.4154
AC 0.5397 1 0.5397 2.88 0.1103
AD 0.1987 1 0.1987 1.06 0.3194
BC 0.0260 1 0.0260 0.1387 0.7148
BD 3.42 1 3.42 18.27 0.0007
CD 0.1366 1 0.1366 0.7289 0.4067
A? 5.12 1 5.12 27.31 0.0001
B2 5.40 1 5.40 28.81 < 0.0001
C? 11.39 1 11.39 60.80 <0.0001
D? 1.17 1 1.17 6.27 0.0243
Residual 2.81 15 0.1874
Lack of Fit 1.78 10 0.1783 0.8681 0.6046 not significant
Pure Error 1.03 5 0.2055
Cor Total 39.90 29
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regression model in terms of coded factors is given
as shown in Equation (40):

Ethanol Yield = 46.85 + 0.06094 + 0.2142B +
0.6153C + 0.4551D — 0.0906AB + 0.1837AC +
0.1114AD + 0.0403BC + 0.4625BD +

0.0924CD — 0.43204% — 0.4436B% — 0.6445(C% —
0.2070D2 (40)

The coded equation shows that Cell Loading (C)
has the highest positive effect on ethanol yield,
followed by Mass of Bead (D). The quadratic terms
indicate that the response has an optimal range,
beyond which ethanol yield declines.

3.8 Discussion of the Ethanol Contour Plot and
Comparison with Literature

The contour plot of ethanol yield (Figure 8)
illustrates the relationship between fermentation
time and air flow rate, with actual factors C and
D held constant. The highest ethanol yield of
47.9% was achieved at around 60 hours of
fermentation and an air flow rate of 1.5 L/min.
The contour lines suggest that ethanol production
is highly sensitive to changes in these variables,
as both excessively high and low air flow rates
lead to reduced yields. This observation
highlights the importance of balancing oxygen
availability to optimize yeast metabolism,
ensuring sufficient anaerobic conditions without
oxygen deprivation. To assess the effectiveness of
the optimized conditions in this study, a
comparison with previous literature is essential.
Several studies have reported lower ethanol
yields under different conditions, reinforcing the
advantages of the present optimization. For
instance, a study by Cheng et al. [80] investigated
the effect of air supplementation on continuous
ethanol fermentation wusing Saccharomyces
cerevisiae STV89. They found that supplying a
small amount of oxygen (up to about 80 pmol
oxygen/L/h) significantly enhanced ethanol
productivity compared to cultures without air
supplementation. Specifically, as the air supply
rate increased from 0 to 11 mL air/L/h, ethanol
yield improved slightly from approximately 37%
to 45% of the theoretical maximum. These
findings suggest that oxygen supplementation
can improve cell viability and ethanol tolerance,
leading to enhanced ethanol production.

Table 7. Fit statistics for the quadratic model.

Std. Dev.  0.4329 R2 0.9296
Mean 45.47 Adjusted R? 0.8638
CV. % 0.9520 Predicted R? 0.7054

Adeq Precision 13.8081

Similarly, Khongsay et al. [81] optimized
agitation and aeration conditions for very high
gravity ethanol fermentation from sweet sorghum
juice using Saccharomyces cerevisiae NP 01. The
optimal conditions were found to be an agitation
rate of 200 rpm, an aeration rate of 2.5 vvm, and
an aeration timing of 4 hours. Under these
conditions, the ethanol concentration,
productivity, and yield were 132.82+1.06 g/L,
2.55+0.00 g/I/h, and 45%, respectively. In
contrast, under the same conditions without
aeration, ethanol yield was approximately 44%.
These results indicate that appropriate aeration
and agitation strategies can significantly improve
ethanol production under very high gravity
conditions. Compared to this study’s optimized
conditions, it is evident that a moderate aeration
strategy enhances ethanol yield, preventing the
inefficiencies observed in the aforementioned
studies.

3.9 Effects of Process Variables on Ethanol Yield
in a Bubble Column Bioreactor

The six 3D response surface plots as shown
in Figure 9 reveal key interactions between
process variables affecting ethanol yield in the
bubble column bioreactor. Symmetry is observed
in some plots, such as Mass of Bead & Cell
Loading and Cell Loading & Time, suggesting
stable and predictable relationships where an
optimal balance enhances ethanol production.
However, asymmetry is evident in plots like Air
Flow Rate & Time and Mass of Bead & Air Flow
Rate, indicating potential limitations such as
oxygen transfer constraints or substrate depletion
at extreme conditions.

Ethanol Yield (%)

B: Air Flow Rate (L/min)

A:Time (hr)

Figure 8. Contour plot of ethanol yield as a
function of fermentation time and air flow rate.
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Response sensitivity varies across the plots;
for instance, steep slopes in Cell Loading & Air
Flow Rate highlight their strong influence on
ethanol yield, whereas flatter areas in Mass of
Bead & Time suggest a saturation point beyond
which further increases have minimal impact.
These findings emphasize the importance of
optimizing key variables to maintain stability
while preventing inefficiencies caused by
excessive aeration or cell loading. The findings
from the 3D plots indicate that ethanol yield in a
bubble column bioreactor is highly dependent on
the interplay between mass of beads, cell loading,
air flow rate, and fermentation time. Identifying
optimal conditions for these variables is critical to
enhancing fermentation efficiency. Future studies
could focus on refining these parameters through
advanced modeling approaches and experimental
validation to achieve consistent and high ethanol
yields [82-86].

3.10 Validation Results

The validation experiment was conducted
under the optimized conditions of 60 hours of
fermentation time and an air flow rate of 1.5
L/min. The experimental ethanol yield values
were 47.5%, 47.6%, and 47.4%, closely matching
the model’s predicted yield of 47.9%. The
percentage error as shown in Table 8, calculated
as the deviation from the predicted value, ranged
between 0.63% and 1.04%, with an average error
of 0.84%, indicating high accuracy of the model.

These results confirm the robustness and
reliability of the developed model in predicting
ethanol yield under optimized conditions. The
minimal deviation suggests that the experimental
setup effectively replicated the optimized
parameters, supporting the practical applicability
of the findings for industrial bioethanol
production.

4. Conclusion

This study successfully demonstrated the
computational modeling, process optimization,
and validation of a laboratory-scale bubble
column Dbioreactor (BCB) for bioethanol
fermentation. The Python-based simulations
provided detailed insights into oxygen transfer
dynamics, glucose consumption kinetics, biomass
growth, and ethanol production, allowing for

precise parameter optimization. The
incorporation of dynamic aeration control, pH
stabilization, temperature regulation, and foam
suppression algorithms ensured a well-regulated
fermentation environment. The results confirmed
that a working volume of 500 mL, an oxygen
uptake rate (OUR) of 1.1 g O,/g cells, a volumetric
oxygen transfer coefficient (kLa) of 50 h™1, and a
glucose consumption rate of 2 g/Li-h were optimal
for efficient ethanol synthesis, maintaining
process stability and scalability. The performance
test revealed an ethanol yield of 44.3%,
demonstrating the efficiency of the fermentation
process under the given operational conditions.
This yield suggests a moderate conversion of
glucose to ethanol, which may be influenced by
factors such as substrate concentration, aeration
rate, temperature control, and microbial activity.
Further optimization of these parameters could
potentially enhance ethanol production.
Additionally, the yield aligns with previously
reported  values in similar  bioreactor
configurations, indicating the reliability of the
experimental setup.

Abbreviations

Fy, = Oxygen flow rate (m3/s or L/min)
Co,,in = Oxygen concentration in the inlet gas (g O
/L)
k;a = Volumetric mass transfer coefficient (1/h)
V = Reactor volume (L or m®)
Co,» = Saturation oxygen concentration (g 0,/L)
Co, = Dissolved oxygen concentration (g 02/L)
r0, = Oxygen uptake rate (OUR) (g O,/L - h)
X (t) = Biomass concentration at time t (g/L)
X, = Initial biomass concentration (0.1 g
/L, assumed)
u = Specific growth rate (0.3 ™1, assumed)
t = Time (h)
kco, = 0.05 (empirical factor linking CO, to pH drop)
pH, = 5.5 (initial pH)
Yo,/x = Oxygen yield coefficient on biomass (g O,
/g cells)
Yy,s = Biomass yield on glucose (g cells/g glucose)
r¢ = Glucose consumption rate (g glucose/L - h)
Py, = Partial pressure of oxygen in bubbles (atm)
H = Henry’s constant for oxygen solubility (atm
- L/mol)
V, = Liquid volume (excluding bubbles)
Fp, = Oxygen flow rate (m®/s)

Table 8. Validation of ethanol yield under optimized conditions.

Run Time (h) Air Flow Rate (/min) Predicted Yield (%) Experimental Yield (%) Error (%)

1 60 1.5 47.9 47.5 0.84
2 60 1.5 47.9 47.6 0.63
3 60 1.5 47.9 47.4 1.04
Average 60 1.5 47.9 47.5 0.84
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pg = Density of air (1.225 kg/m?* at 25°C)

H,

= Height of the liquid column (m) (assumed 0.3 m)
n = Aeration efficiency (typically 50%)

g = Gravitational acceleration (9.81 m/s?)

S (t) = Glucose concentration at time t (g/L)

S, = Initial glucose concentration (50 g/L)

7z = Glucose consumption rate (2 g/L - h)
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