Journal of Cleaner Production 295 (2021) 126384

Contents lists available at ScienceDirect

Journal of Cleaner Production
journal homepage: www.elsevier.com/locate/jclepro

Optimal fed-batch bioreactor operating strategies for the microbial
production of lignocellulosic bioethanol and exploration of their
economic implications: A step forward towards sustainability and
commercialization
Konstantinos Flevaris, Christos Chatzidoukas*
Department of Chemical Engineering, Aristotle University of Thessaloniki (AUTH), P.O. Box: 472, 54124, Thessaloniki, Greece

a r t i c l e i n f o

a b s t r a c t

Article history:
Received 29 October 2020
Received in revised form
21 January 2021
Accepted 12 February 2021
Available online 15 February 2021

The enduring adoption of greener technologies from the biofuel manufacturing industries requires the
balanced integration of multiple inter-disciplinary concerns (i.e., engineering, business, sustainability,
societal) to make production processes more attractive to the industrial sector. From an engineering
perspective, the commercial establishment of lignocellulosic bioethanol plants is still hindered by
increased production cost. High product concentrations with improved yield and productivity at the
fermentation stage seem to be inviolable condition to straightly compete with fossil-based and ﬁrstgeneration bioethanol facilities. This study proposes a model-based multi-objective dynamic optimization approach to systematically derive optimal operating policies for the fermentation bioreactor as a
step forward towards enhancing the economic performance of lignocellulosic bioethanol plants. The
economic beneﬁt of the derived optimal bioreactor strategies is evaluated via a scalable economic index,
linking for the ﬁrst time the performance of the fermentation bioreactor to the economics of the entire
production process. It is demonstrated that high values in productivity and substantial compromises in
yield and ﬁnal bioethanol concentration are conditions which favor economic feasibility with the achieved fermentation performance (3.32 g L1 h1, 0.399 g g1, 106.0 g L1) being comparable to ﬁrstgeneration bioethanol production. Finally, a global system analysis framework is employed to investigate the robustness of the optimal value of the economic index to the variability of key model parameters, illustrating the impact of model uncertainty on the process economic performance.
© 2021 Elsevier Ltd. All rights reserved.
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1. Introduction
In light of the increasing greenhouse gas emissions (GHG) and
the consequent environmental concerns, coordinated efforts are
made to promote sustainable development. The 2030 European
Union Climate and Energy framework, underpinning the main EU
targets for sustainability, covers the EU policy objectives for the
period between 2021 and 2030: (i) 40% decrease in greenhouse gas
emissions (GHG) with respect to the 1990 levels, (ii) 32% of energy
consumptions originated by renewable energy sources (iii) 32.5%
increase in energy efﬁciency (EU, 2020). To this end, the exploitation of renewable energy sources is attracting ever-growing
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interest as a means of reducing the dependence on fossil fuels. This
interest is exempliﬁed by the intensive global effort towards the
valorization of non-edible biomass for biofuel production, with the
case of lignocellulosic bioethanol being a very promising prospect
(Dey et al., 2020; Kang et al., 2014; Toor et al., 2020). Bioethanol
production is currently dominated by the use of edible agricultural
crops (i.e., corn, maize, sugarcane), as raw materials (ﬁrst-generation bioethanol), which cannot be considered a sustainable route
due to the high water demand, land resources, and its contribution
to food crises (Rulli et al., 2016). On the contrary, lignocellulosic
bioethanol, also referred to as second-generation bioethanol, is
considered a truly sustainable option for the transportation sector
owing to the naturally abundant non-edible lignocellulosic raw
material, the appreciably low resources requirements for feedstock
cultivation, and its impact on preserving food security (Hahn€gerdal et al., 2006).
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Hence, the impact of different bioreactor operating designs on the
overall process economics and sustainability is quantiﬁed. To the
authors’ knowledge, there hasn’t been any previous publication
that discusses the economic implications of multiple Paretooptimal solutions in the context of the production of secondgeneration bioethanol. Thus, the most promising bioreactor strategies are identiﬁed facilitating subsequent lignocellulosic bioethanol techno-economic assessments and life cycle analysis (LCA)
studies to promote sustainable development and cleaner production. Bioethanol fermentation is simulated by a detailed dynamic
mathematical model, validated at lab-scale with a variety of
experimental data, accounting for the prevailing metabolic phenomena of the process (Karapatsia et al., 2016). Finally, the variability in the economic index’s optimal value due to the uncertainty
in the model parameters is quantiﬁed via a global system analysis
framework to identify important aspects of the cellular metabolism
that shall be addressed in fermentation scale-up studies.

While notable advancements have been made in applying
laboratory-scale ﬁndings at large-scale lignocellulosic bioethanol
plants (ETIP, 2020), the commercial establishment of industrialscale operating lignocellulosic bioethanol plants is still hampered
by the increased production cost coupled with the technical
immaturity of the current processing technologies (Chandel et al.,
2018). Signiﬁcant uncertainty is encountered during the estimation of the absolute bioethanol production cost, expressed in terms
of the minimum ethanol selling price, ranging between $0:24 L1
and $1:21 L1 (Chovau et al., 2013), while the respective production
cost of the ﬁrst-generation bioethanol is reported to be in the range
of $0:30  $0:40 L1 (Zhang, 2019). This uncertainty can be elucidated when considering the major cost drivers of the process. In
particular, due to the structural complexity of lignocellulosic
feedstocks, several costly pretreatment steps followed by enzymatic sacchariﬁcation are required to obtain the fermentable
sugars (Himmel et al., 2007). Their release from the biomass has
been reported to signiﬁcantly contribute to the overall total cost
with over 40 %, with the major cost source being the enzyme cost
(Banerjee et al., 2010). Additionally, the recovery cost is heavily
increased with low bioethanol contents due to extensive energy
requirements at the distillation stage (Vane, 2008).
Competent operational design at the fermentation stage is
especially pivotal for the commercialization of the lignocellulosic
bioethanol production since it shall concomitantly ensure the
maximum exploitation of the glucose released at the sacchariﬁcation stage, along with the production of high-content bioethanol
streams. To effectively address this need, the fermentation bioreactor should be operated with an optimal policy simultaneously
satisfying competing key process indicators, such as productivity,
yield, and ﬁnal bioethanol concentration with the goal to, ultimately, maximize the economic performance of the production
plant. The derivation of optimal bioreactor operating strategies is
unambiguously not a trivial endeavor, and, thus, the employment of
an advanced model-based optimization framework, such as a
multi-objective dynamic optimization approach, is required. Multiobjective dynamic optimization has been underrepresented in the
literature when microbial processes are considered, which can be
potentially attributed to the complexity of developing high-ﬁdelity,
validated mathematical models for these bioprocesses, and to the
inherent uncertainties that are associated with the value of their
parameters characterizing cellular metabolism. Notable works have
been published (Karasavvas and Chatzidoukas, 2020; Nimmegeers
et al., 2019; Patel and Padhiyar, 2017; Rodman et al., 2018; Sarkar
and Modak, 2005), which employ multi-objective dynamic optimization for the production of various bio-based products, such as
PHAs, lysine, and beer. However, little attention has been paid to
the model-based optimal selection of operating conditions for the
fermentation bioreactor in the context of second-generation bioethanol production.
In the present study, a model-based multi-objective dynamic
optimization approach for the microbial production of secondgeneration bioethanol by S. cerevisiae cultures in fed-batch bioreactors is proposed as a means of intensifying the lignocellulosic
bioethanol production process. A systematic methodology is presented to generate trade-off solutions between competing key
performance indicators (KPIs), such as productivity, yield, and ﬁnal
bioethanol concentration. These are of practical importance for
relevant plant-wide techno-economic studies, especially during the
early stages, where lab-scale upstream information regarding these
KPIs can facilitate overall cost estimation (Claypool and Raman,
2013). To mark out their economic dimension, the derived
optimal strategies are individually assessed based on their achieved
economic beneﬁt using a proposed scalable economic index, which
incorporates major cost drivers of the entire production process.

2. Materials and methods
This section is organized as follows. The mathematical model
used for the simulation and the dynamic optimization of the
fermentation process is brieﬂy described in sub-section 2.1 and the
core theoretical principles of multi-objective optimization are
succinctly outlined in sub-section 2.2. The mathematical formulation of the multi-objective dynamic optimization of the fermentation bioreactor considered in this study is presented in sub-section
2.3 and the methodology used for solving the foregoing optimization problem is described in sub-section 2.4. Finally, the global
system analysis framework employed in this study is presented in
sub-section 2.5.

2.1. Dynamic mathematical model for the microbial production of
bioethanol
Several notable modeling approaches (Scheiblauer et al., 2018)
have been developed for the simulation of the yeast-mediated
aerobic fermentation process. The large number of the underlying
highly interactive metabolic reactions governing the process can be
summarized in three main cellular activities, namely, (i) the growth
of residual cellular biomass, (ii) the maintenance of residual
biomass, and (iii) the biosynthesis of ethanol. These activities
require the utilization of carbon sources (i.e., glucose), which can
either be biotransformed to ethanol or stored intracellularly
(Fiechter and Seghezzi, 1992). The physiological state of the cells is
also heavily impacted by the availability of substrate concentrations
in the medium, rendering their monitoring essential for enhanced
bioethanol production.
In the present study, the aerobic fermentation process is simulated by a structured, non-segregated macroscopic/kinetic model
previously developed for S. cerevisiae cultures in batch and fedbatch bioreactors (Karapatsia et al., 2016). The model can
describe the cellular kinetics with modiﬁed Monod expressions
incorporating both substrate and product inhibition phenomena
and the dynamic evolution of total cellular biomass (½X), glucose
(½G), and bioethanol (½E) concentrations in the bioreactor. The
model equations are presented in the Supplementary Material,
Appendix A (A.1-A.15) and the detailed presentation of the tuning
of its parameters, and the demonstration of its validity is available
in the original manuscript (Karapatsia et al., 2016). On this basis, the
validated model is used in the present study as a rigorous mathematical tool in the proposed multi-objective dynamic optimization
framework.
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indicators of major importance, namely productivity, yield, and
ﬁnal bioethanol concentration, are maximized independently to
determine the values corresponding to the utopia point to formulate the norm for the modiﬁed Tchebycheff method. Two biobjective cases, (i) the simultaneous maximization of productivity
and yield and (ii) productivity and ﬁnal bioethanol concentration,
are considered to generate several trade-off optimal operating
policies. Subsequently, the value of the proposed economic index is
calculated for every optimal policy to demonstrate which are
conducive to the economic performance of the entire production
process. Finally, the aforementioned economic index is individually
maximized to further examine the potential existence of a more
economically favorable optimal policy that is not captured by the
bi-objective cases.

2.2. Theoretical considerations for the multi-objective optimization
problem formulation
The design of optimal operating strategies for the fermentation
production of bioethanol in fed-batch bioreactors should practically guarantee the balance and fulﬁllment of two major, competing
targets, namely (i) the attainment of adequate biomass growth,
while simultaneously (ii) shifting the cellular metabolism towards
enhanced product synthesis.
To provide a realistic formulation of the optimization problem,
proper equality and/or inequality constraints should be imposed
both on control and state variables reﬂecting the operational requirements of the process. Moreover, the constrained dynamic
optimization problem requires the mathematical depiction of its
objectives through a single or multiple performance indices. In the
case of the latter, the difﬁculty in their handling emerges when
these objectives are competing. This means that there is no feasible
solution in which the objectives achieve their respective maximum
(or minimum) values simultaneously and, thus trade-off solutions
should be sought. These are feasible, mathematically commensurate solutions, where no further improvement in any objective can
be attained without the worsening in at least one other objective.
They are referred to as Pareto-optimal solutions (Geoffrion, 1968),
and the set they comprise in the multi-dimensional objective space
is called Pareto front. The Pareto front lies on the boundary between feasible and infeasible objective space and its approximation
can yield several trade-off solutions that are of engineering
importance. In the present study, a reference-based approach,
namely, the modiﬁed Tchebycheff method is employed to approximate the Pareto front by attaining Pareto-optimal points in the
vicinity of an aspiration point (Marler and Arora, 2004). As reference, the so-called “utopia” point can be used, which is a point in
the infeasible objective space that denotes the theoretical, ideal
instance where every competing objective under investigation
obtains its respective optimal value simultaneously. The modiﬁed
Tchebycheff method uses an augmented expression of the
weighted Tchebycheff norm (see Eq.10), which calculates the deviation between each objective with its respective value at the
utopia point and returns the maximum. This method generates
trade-off solutions by minimizing the largest deviation among the
different objectives with respect to the utopia point by adjusting
the weight value allocated to each objective (Miettinen, 1998).
By deﬁnition, the Pareto-optimal points generated by the
simultaneous optimization of competing criteria form a set of
commensurate solutions and is incumbent upon the decisionmaker (i.e., the process engineer) to decide which to implement.
In the context of multi-objective optimization for Chemical Engineering applications, selection methods between produced Pareto
points are, almost exclusively, summarized in sophisticated, yet
purely mathematical approaches (Wang and Rangaiah, 2017). It
should be noted, however, that when biochemical processes are
investigated, especially such that haven’t achieved commercial
establishment, the economic implications of the different operating
designs should be addressed. Therefore, an additional quantitative
metric, which can provide insight into the economic impact of the
resulting optimal operating policies by incorporating signiﬁcant
cost drivers, is required. This index can help designate the economic dimension of key performance indices to guide decisions in
future techno-economic assessments.

2.3.1. Control variables
The control variables represent the system’s degrees of freedom
and their attentive selection is required. The operating policy of the
fed-batch bioreactor comprises the following four variables: (a)
½Go : glucose concentration in the culture medium initially loaded
to the bioreactor, ðg L1 Þ, (b) Vo : initial culture volume, ðLÞ, (c) Qin :
volumetric ﬂowrate of feeding stream ðL h1 Þ, (d) tf : fermentation
time/batch cycle duration, ðhÞ.
The initial glucose concentration, ½Go , in the culture medium,
combined with the initial culture volume, Vo , deﬁne the glucose
amount initially loaded to the bioreactor and are time-invariant
control variables, since they correspond to a distinct time point
(t ¼ 0). Fresh medium with high, ﬁxed glucose content
ð½Gin ¼ 400 g L1 Þ is supplied to the bioreactor by a feeding stream
whose volumetric ﬂowrate, Qin , is determined as a time-dependent
control variable. The initial inoculum concentration, ½Xo , is
assigned the value of 0:1 g L1 , which corresponds to the experimentally decided value of the optical density of dry cell mass
(Karapatsia et al., 2016). Finally, the speciﬁcation of the batch cycle
duration is crucial for fermentation processes, with operating and
economic implications, however, it has been reported (Patel and
Padhiyar, 2017) that limited publications have focused on determining the ﬁnal fed-batch time. In the present study, the ﬁnal
fermentation time tf is not determined a priori, but is an additional
degree of freedom of the optimization problem.
2.3.2. Constraints
The following constraints are imposed on the process state and
control variables:
 The bounds of the ﬁnal culture volume are selected to ensure
the use of the entire working volume of the bioreactor, which is
constrained by the capacity of the lab-scale vessel (3 L)
considering a headspace volume of 0:5 L:

 
V tf ¼ 2:5 L

(1)

 The bounds of the initial culture volume should satisfy a range
that allows the implementation of a sufﬁciently long-lasting
addition strategy. This range is selected as the 20 % and 80 %
of the working volume by imposing a point inequality:

0:5  Vo  2:0 L

2.3. Mathematical expression of the multi-objective dynamic
optimization of the fed-batch fermentation bioreactor

(2)

 The cell population should be exposed to sufﬁcient initial carbon
source for its metabolic activities, while simultaneously mitigating substrate inhibition. Glucose concentrations typically

The proposed multi-objective dynamic optimization (DO)
approach comprises a series of steps. Firstly, three performance
3
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over 100 g L1 (Karapatsia et al., 2016) induce such inhibitory
effects and, thus, the upper bound is enforced accordingly:

10:0  ½Go  110:0 g L1

h  i  
E tf V tf  ½Eo Vo M
¼ E
Yield ¼
ð tf ð
MG
Qin ½Gin dt
½Go Vo þ

(3)

(8)

0

This index explicitly reﬂects the efﬁcient valorization of the
amount ðgÞ of glucose loaded into the bioreactor ðMG Þ derived from
the previous stage of enzymatic sacchariﬁcation of lignocellulose,
and its fermentation to bioethanol, ME ðgÞ. Alternatively, the yield
can be expressed in terms of the percentage ðYield %Þ of the
respective theoretical maximum yield ðYieldmax ) value of
0:510 g g 1 of glucose converted, hence:

 The volumetric ﬂow rate of the feeding stream is constrained by
the pump capacity of the bioreactor unit:

0  Qin  0:2 L h1

(4)

 The ﬁnal fermentation time can vary between half a day and two
and a half days to secure an extensive time window for the
cellular metabolic phenomena to proceed:

12:0  tf  60:0 h

Yield % ¼

(5)

(6)

2.3.3. Performance indices
This section outlines the different performance indices that
were employed as objectives in the dynamic optimization problem.
Two types of objectives are examined, namely the ones that are
related to process operation (i.e., key performance indicators), and
the ones that pertain to the economic beneﬁt achieved by process
operation (i.e., economic index).

8 2
139
0
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<
o Þ  f ðxÞ
X
fj ðxo Þ  fj ðxÞ
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fi ðx Þ
fj ðx Þ
i :

where, wi denotes the positive weight allocated to objective i such
l
P
that
wi ¼ 1, fi denotes the objective i, x is the vector of the
i¼1

control variables, xo is the vector of the control variables at the
utopia point, and r is a sufﬁciently small positive scalar.
For the bi-objective case of productivity and yield, the Tchebycheff norm is formulated as:
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>
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þ
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Prod ¼

tf

(10)

j¼1

2.3.3.1. Key performance indicators (KPIs). The performance of the
fermentation bioethanol production process can be quantiﬁed using the following indices: (i) Productivity, ðg L1 h1 Þ, (ii) Yield of
available carbon source (glucose) to bioethanol, Yield ðg g 1 Þ, (iii)
Final bioethanol concentration, ½Eðtf Þ ðg L1 Þ. The mathematical
expressions of productivity and yield are presented below:

h  i
E tf
 ½Eo

(9)

While the maximization of each performance index can provide
insight on the macroscopically observed metabolic response
induced by the respective optimal policy, it is not clear a priori
which index should be the focal point during performance
assessment, since each prioritizes different aspects of the process
design. Precisely, productivity determines the shortest fermentation duration corresponding to satisfactory levels of ﬁnal bioethanol concentration, while yield and ﬁnal bioethanol
concentration focus on utilizing the substrate to achieve enhanced
product synthesis without addressing the cultivation duration.
Thus, trade-offs can be obtained by the modiﬁed Tchebycheff
method with the norm to be minimized expressed as:

 The intervals comprising the time horizon are constrained to
ensure that during operation, the cellular dynamics of the process are amply captured:

1:0  ti  40:0 h; i2½1; N

Yield
Yieldmax

9
>
>
>
>
=
>
>
>
>
;

(11)

Similarly, for the bi-objective case of productivity and ﬁnal
bioethanol concentration:

(7)

where ½Eo and ½Eðtf Þ denote the initial and ﬁnal bioethanol conP
centration in the medium and tf ¼ N
i¼1 ti .
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2.3.3.2. Economic index. In the present study the following economic index is proposed:

CG ¼


ð tf

#
½G
C
V
þ
Q
½G
dt
o
o
G
h  i
in
h  i
in
0
 
 E tf  CM E tf 
V tf

(13)

Parameter

Value

Units
h y1
h

0:05* tf
0:000760

sLoss
CM

0:01
0:000070

CG

0:000200

(14)

Step 1: Utopia point coordinates e Single-objective DO problems e Cases 1,2,3

max

½Go ;Vo ;Qin ;tf

wrt:model equations ðA:1Þ  ðA:15Þ; ð7Þ; ð8Þ
operational constraints ð1Þ  ð6Þ
Step 2: Pareto-optimal trade-off solutions e Multi-objective DO
problems e Cases 4,5

min

½Go ;Vo ;Qin ;tf

V g1 bioethanol

V

glucose

g1

lign:biomass

Cbiom

0:0000340

V

Cpretr

0:0000033

V g1 lign:biomass
g1

Cenz

0:0000187

V

Cw

0:0000060

V g1 lign:biomass

WC

0:431

g cellulose g1 lign:biomass

YCG

0:65

g glucose g1 cellulose

fw

1:11

g glucose g1 cellulose

Objk c k ¼ 4; 5

Obj4 ¼ UProdYield ; Obj5 ¼ UProdEt

V g1 bioethanol
g1

Objk c k ¼ 1; 2; 3

h  i
Obj1 ¼ Prod; Obj2 ¼ Yield; Obj3 ¼ E tf

Table 1
Economic data for glucose cost estimation and economic index.

7920

Cbiom þ Cpretr þ Cenz þ Cw
WC *YCG *fw

cellulosic biomass, Cenz ðV g 1 Þ is the cost of enzymes per unit of
lignocellulosic biomass, Cw ðV g 1 Þ is the cost of water per unit of
lignocellulosic biomass, WC ðg g 1 Þ is the mass fraction of cellulose
in lignocellulosic biomass, YCG ðg g 1 Þ the yield of cellulose to
glucose from the enzymatic hydrolysis, and fw the fractional weight
gain of the anhydrosugar due to water addition upon hydrolysis.
The glucose cost estimation is carried out using Phalaris aquatica L.
as a model for lignocellulosic biomass, and the economic data
(Table 1) are taken from a techno-economic assessment regarding a
commercial-scale bioethanol reﬁnery (Karapatsia, 2015). It is noted
that the estimated glucose cost ðCG ¼ 199 V MT 1 Þ is in line with
industrial estimations (PROESA® technology) and a reasonable
bioethanol selling price is selected (Joelsson et al., 2016). Consequently, the proposed optimization approach comprises 4 steps,
written as:

where Econ ðV L1 Þ denotes the annual economic beneﬁt for the
second-generation bioreﬁnery per bioreactor working volume, ty
ðh y1 Þ is the annual operation time, tc ðhÞ the required equipment
cleaning time, ESP ðV g 1 Þ is the bioethanol selling price, sLoss is the
bioethanol loss percentage due to the downstream processing
steps, CMedium ðV g 1 Þ is the nutrient medium cost (excluding
glucose) per bioethanol produced kai CG ðV g 1 Þ is the unit glucose
production cost.
Eq.ð13Þ evaluates an operating policy based on its ability to
generate a positive economic beneﬁt through the sale of the
recovered bioethanol (ﬁrst term inside the parenthesis) counteracted by the cost of the culture medium (second term inside the
parenthesis) and the cost of glucose loaded to the bioreactor (third
term inside the parenthesis). These costs are expressed in terms of
bioreactor working volume to provide scalability and the term
outside the parenthesis denotes the annual number of batches, thus
accounting for the duration of the fermentation process. Labor,
indirect, and capital costs are not included in this study. The unit
glucose production cost is estimated as follows (Ladisch and
Svarczkopf, 1991):

ty

(12)

>
>
>
>
>
>
;

Where Cbiom ðV g 1 Þ denotes the unit cost of lignocellulosic
biomass, Cpretr ðV g 1 Þ is the pretreatment cost per unit of ligno-

"
ty
Econ ¼
ESPð1  sLoss Þ
tc þ tf

tc
ESP

9
>
>
>
>
>
>
=

f

wrt:model equations ðA:1Þ  ðA:15Þ; ð11Þ; ð12Þ

lign:biomass

operational constraints ð1Þ  ð6Þ
Step 3: Evaluation of Pareto-optimal trade-off solutions e Cases
4Econ, 5Econ
5
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imperfect mixing in the vessel. This heterogeneity in the cellular
environment is likely to negatively affect microbial metabolism,
which would macroscopically induce underwhelming fermentation performance (i.e., lower product concentration, yield, etc.).
To capture the potential deviation from the expected system
behavior as the bioreactor size increases from lab-to industrialscale, the credibility of the optimal strategies produced in this study
are subjected to further assessment via sensitivity and uncertainty
analysis of the process performance with respect to uncertainties
preeminently associated with model parameters. These uncertainties can be understood as perturbations in the cellular
metabolism during bioreactor scale-up. In particular, an uncertainty analysis is conducted to assess the probability that the economic index progresses towards its maximum value in the
presence of uncertainty on selected model parameters. To reduce
the computational cost, a global variance-based sensitivity analysis
is ﬁrstly carried out to identify which parameters predominantly
affect the value of the economic index.
Both analyses are carried out using gPROMS® where a userdeﬁned distribution is assigned to each model parameter and
quasi-random numbers are generated by the Sobol number
generator, in the same manner as in the NLPMSO algorithm. The
sample size is a priori deﬁned by the user and, in the case of the
sensitivity analysis, the ﬁrst-order effect index and the total effects
index are used (Saltelli et al., 2010; Sobol, 2001). In the case of
uncertainty analysis, the process model undergoes multiple evaluations via Monte-Carlo simulations and the uncertainty of the
output (i.e., economic index) can be visualized via several statistical
representations, such as histograms. Given that no prior information is available regarding the sensitivity of the economic index to
the uncertainties of the model parameters, uniform distributions
are assigned to each of the 16 model parameters and an uncertainty
range of ±50 % of the corresponding nominal values is set for each
parameter for the variance-based sensitivity analysis. Moreover, a
large sample size (10,000 samples) is selected to ensure convergence. Regarding the uncertainty analysis, the parameters majorly
contributing to the sensitivity of the economic index are varied on
the basis of normal distributions with the mean values denoting the
corresponding nominal values from the parameter estimation
(Karapatsia et al., 2016) and the standard deviation assigned as the
1 % of the means.

All the Pareto-optimal points derived in step 2 are evaluated by
calculating the value of the economic index ð13Þ for each point with
the most favorable being the one that achieves the highest economic beneﬁt.
Step 4: Maximization of the economic index e Single-objective
DO problem e Case 6

max

½Go ;Vo ;Qin ;tf

Objk c k ¼ 6

Obj6 ¼ Econ
wrt: model equations ðA:1Þ  ðA:15Þ; ð13Þ; ð14Þ
operational constraints ð1Þ  ð6Þ

2.4. Solving of the multi-objective dynamic optimization problem
In this study, the system of differential-algebraic equations
(DAEs) describing the process model is integrated using the
advanced process modeling environment gPROMS® (Process Systems Enterprise, Ltd.). In particular, the gOPT optimization tool is
implemented by performing the control vector parameterization
method (CVP) which converts the original inﬁnite-dimensional
dynamic optimization problem into a ﬁnite-dimensional
nonlinear (NLP) problem (Vassiliadis et al., 1994). Owing to the
highly nonlinear dynamics of fermentation processes, the resulting
NLP presents several local optima (Banga et al., 2003), thus
requiring a large number of initial guesses for the control variables
to ﬁnd a solution in the vicinity of the global optimum. In such
cases, a purely deterministic approach is to be avoided since it is
prone to prematurely terminate before exhausting the available
search space. Therefore, a hybrid stochastic/deterministic multistart approach (NLPMSO) is employed, where a user-deﬁned
number of sets of initial guesses for the control variables within
pre-speciﬁed bounds are created using the quasi-random Sobol
number generator and, for each set, a rigorous sequential quadratic
programming (SQP) method is applied to lead to a locally optimum
solution. Each local optimum is stored and the best is returned as
the ﬁnal solution of the optimization problem. In regards to the CVP
method, the entire time horizon is divided into 6 intervals of
varying duration, which is determined by the optimization algorithm. This partition was decided upon considering different levels
of discretization (4, 6, 12) with 6 intervals exhibiting satisfactory
performance in terms of convergence to optimality and computational cost. Additionally, a piecewise constant proﬁle is chosen for
the time-dependent control variables to reﬂect the capabilities of
the bioreactor’s control system. Finally, two sets (10 and 50) of
initial guesses for the control variables are examined for the multistart method with 10 sets providing an adequate exploration of the
decision space.

3. Results and discussion
This section includes the results obtained from the optimization
methodology described in sub-section 2.3 alongside the key ﬁndings from the sensitivity and uncertainty analyses deﬁned in subsection 2.5.
3.1. Utopia point coordinates (Cases 1e3)
The optimal values of the separate maximization of the KPIs are
presented in Table 2 and the optimal feeding proﬁles for each
maximization scenario are depicted in Fig. 1. Under the optimal
strategy produced in Case 1, a large portion of the total amount of
glucose supplied to the bioreactor is utilized by the cellular biomass
for growth instead of bioethanol synthesis. This is evident by the
lower
value
of
the
yield
index
(Yield ¼ 0:387 g g 1 or Yield % ¼ 75:9 %Þ in comparison to the other
two Cases. The generation of a large cell population
ð½Xðtf Þ ¼ 8:1 g L1 Þ facilitates the attainment of shorter fermentation duration (tf ¼ 24:7 hÞ and, simultaneously, satisfactory ﬁnal
bioethanol concentration is accumulated in the medium ð½Eðtf Þ ¼
86:1 g L1 Þ, which leads to a high value in productivity ðProd ¼
3:45 g L1 h1 Þ. Conversely, in Case 2, the applied optimal strategy

2.5. Global system analysis
As stated in section 1, the mathematical model used to optimize
the fermentation process in this study has been validated against
experimental data produced by the same group in a lab-scale
bioreactor. It shall be noted however, that as the production scale
increases, the physical difference between the bioreactors is expected to give rise to mass transfer limitation phenomena, which
may include substrate, pH, and temperature gradients, due to
6
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Table 2
Optimal values of performance indices, time-invariant control variables, and ﬁnal process variables for all Cases investigated.
Cases

1
2
3
4
5
6

Prod

Yield

½Eðtf Þ

Econ

ðg L1 Þ

Vo
ðLÞ

½Xðtf Þ

ðV L1 Þ

tf
ðhÞ

½Gðtf Þ

ðg g1 Þ

ðg L1 Þ

½Go

ðg L1 h1 Þ

ðg L1 Þ

ðg L1 Þ

YG
ðgÞ

3:45
2:21
2:33
3:31
3:36
3:32

0:387
0:416
0:413
0:399
0:397
0:399

86:1
133:3
140:3
106:4
104:6
106:0

4:43
3:40
3:53
4:63
4:62
4:63

24:7
60:0
60:0
31:9
31:0
31:7

76:4
66:9
95:5
56:7
84:5
61:8

1:38
0:60
0:50
0:98
1:09
1:00

0:3
0:1
0:8
0:3
0:2
0:4

8:1
2:6
3:0
6:1
6:6
6:2

553
800
848
664
657
662

selected optimal policy resulting in the highest possible fermentation time value ðtf ¼ 60:0 hÞ with impressive product biosynthesis ð½Eðtf Þ ¼ 140:3 g L1 Þ improving the productivity index
ðProd ¼ 2:33 g L1 h1 Þ. However, this Case requires a very large
total glucose loading in the bioreactor ðMG ¼ 848 gÞ. Consequently,
the maximum values of the KPIs correspond to the utopia point
coordinates UP ¼ ðProdo ; Yieldo ; ½Eðtf Þo Þ ¼ ð3:45; 0:416; 140:3Þ.
These values constitute a vast improvement when compared to the
maximum values of the performance indices attained via heuristically administered operating policies for the same system
(Karapatsia et al., 2016) with a rise in the original productivity and
yield ð2:27 g L1 h1 ; 0:273 g g 1 Þ of approximately 52 % and an
impressive increase in the original ﬁnal bioethanol concentration
value ð59:1 g L1 Þ of approximately 137 %. This enhancement illustrates the importance of applying advanced model-based algorithms to optimize bioreactor operation as a necessary approach
during process intensiﬁcation. Furthermore, the solution of these
single-objective DO problems demonstrates the general trend that
an increase in productivity eventually leads to a decrease in yield
and ﬁnal bioethanol concentration, thus enabling the investigation
of trade-off optimal operating regimes.

Fig. 1. Volumetric ﬂow rate proﬁle for optimization cases 1e3.

suspends the culture growth to an appreciably lower value of total
biomass concentration ð½Xðtf Þ ¼ 2:6 g L1 Þ through the frequent
dilutions of the fermentation medium and induces glucose utilization
to
prioritize
bioethanol
synthesisðYield ¼
0:416 g g 1 ή Yield % ¼ 81:5 %Þ. However, due to the small cell
population, the fermentation process is slowed down, with the ﬁnal
fermentation time reaching its upper bound ðtf ¼ 60:0 hÞ, thus
reducing the productivity down to 2:21 g L1 h1 despite the very
high ﬁnal bioethanol concentration ð½Eðtf Þ ¼ 133:3 g L1 Þ. In Case
3, a similar cellular metabolic response is induced, with the

3.2. Trade-offs: productivity vs. yield (Case 4) and productivity vs.
ﬁnal bioethanol concentration (Case 5)
For the approximation of the respective Pareto fronts, each biobjective problem (Cases 4 and 5) is solved sequentially for 19
different weight values in the range of ½0:05; 0:95 generating 19
Pareto-optimal solutions. Both Pareto fronts are presented in Fig. 2
and the respective values of the points in the Supplementary Material, Appendix B. In Case 4, the competing nature of the indices is
quantitatively expressed, where an increase in the value of the

Fig. 2. (a) Pareto front for simultaneous maximization of productivity and yield (Case 4) including the most economically favorable optimal point (Case 4Econ). The utopia point
coordinates UP1 ¼ ð3:45; 0:416Þ are depicted, (b) Pareto front for simultaneous maximization of productivity and ﬁnal bioethanol concentration (Case 5) including the most
economically favorable optimal point (Case 5Econ). The utopia point coordinates UP2 ¼ ð3:45; 140:3Þ are depicted.
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productivity index from 2:61 g L1 h1 to 3:44 g L1 h1 results in a
decrease in the value of the yield index from 0:411 g g 1 ð80:6 %Þ to
0:389 g g 1 ð76:3 %Þ. This corresponds to a large percentage change
in productivity ð31:8 %Þ, while to only a small one in yield ð5:4 %Þ,
which means that a minor variation of the yield in the fermentation
system can substantially affect the resulting productivity. This
trend can be traced back to the cellular metabolism where the
improper substrate allocation for the different cellular activities of
the yeast through the manipulation of the glucose feeding proﬁle
can induce substantially different responses in yeast metabolism
critically impacting fermentation performance. Therefore, when
aiming at achieving a desirable trade-off between productivity and
yield, the optimal operating strategy should be carefully selected.
However, due to the low slope observed at the upper left region of
the Pareto front, it is possible to implement a number of policies
improving yield with only a marginal compromise in productivity,
as also reported in another work investigating a different fermentation system (Patel and Padhiyar, 2017). In Case 5, an increase in
the value of the productivity index from 2:37 g L1 h1 to
3:40 g L1 h1 leads to a decrease in the value of ﬁnal bioethanol
concentration from 138:2 g L1 to 99:2 g L1 . Here, the disparity
between the percentage change of each index is smaller (43:5 % for
productivity and 28:2 % for ﬁnal bioethanol concentration), thus
indicating a more gradual variation between the two indices with
the absence of considerably low slope regions in the Pareto front.
Both Pareto fronts present several different optimal strategies
providing a quantitative illustration of the actual production capabilities of the fermenter.

4Econ and 5Econ, due to the compromise in productivity. The productivities achieved in this study appear to be higher than values
reported for ﬁrst-generation fuel ethanol production by the corn
dry-grind process (approximately 2 g L h1 ) (Kwiatkowski et al.,
2006), however, it is noted that the explicit comparison of productivity values with other works is difﬁcult due to the considernchez,
able discrepancy observed (Busi
c et al., 2018; Cardona and Sa
2007), primarily due to the different operating modes for the
fermentation bioreactor, coupled with the scarcity in data available
for commercial-scale bioethanol plants. Its realistic estimation in
techno-economic assessments is essential for the overall process
economics as illustrated by the potential economic beneﬁt achieved by both cases (4Econ, 5Econ). Precisely, the economic index
converges to approximately 4:6 V L1 which could reﬂect satisfactory economic performance merely when very large fermentation
bioreactor units are used. For a hypothetical scenario of a bioethanol production plant with bioreactors of total working volume
of 1000 m3 and, assuming no further cost reductions in unit glucose
production cost are achieved, a substantial increase in productivity
would be the only way to increase the gross proﬁt higher than
4:6 MV and thus to viably commercialize second-generation bioethanol plants. The transition to continuously operated bioreactors
for the fermentation stage could be a promising approach to further
enhance productivities albeit the technological challenges to be
addressed.

3.3. Evaluation of Pareto-optimal solutions (Cases 4Econ, 5Econ)

To complete the proposed multi-objective dynamic optimization methodology, the economic index is maximized independently to examine whether there was a distinctly more
economically favorable optimal operating policy not captured by
the bi-objective cases. It is observed that the maximum achieved
value of the economic index ð4:63 V L1 Þ is equal to the one
calculated for the weight set ½0:5; 0:5 in Case 4Econ (Table 2). This
indicates that, in fact, the individual maximization of the economic
index yields a Pareto point that has been already generated in the
bi-objective case, thus validating the satisfactory approximation of
the Pareto front via the modiﬁed Tchebycheff method. This operating policy leads to high values of productivity ð3:32 g L1 h1 Þ,
yield ð0:399 g g 1 Þ, and ﬁnal bioethanol concentration
ð106:0 g L1 Þ and is selected for the subsequent global system
analysis. The optimal feeding proﬁle and the dynamic evolution of
the key process variables are presented in Fig. 3.

3.4. Optimal bioreactor policy by maximization of the economic
index (Case 6)

Each point of the two Pareto fronts presented in Fig. 2 is evaluated by the proposed economic index (Econ). From the overall 38
points, 2 optimal policies are presented, one for each bi-objective
case, and the respective optimal values are depicted in Table 2.
For Case 4, the optimal operating policy with the highest value
economic index ðEcon ¼ 4:63 V L1 Þ is achieved for the weight
combination of w1 ¼ 0:50 and w2 ¼ 0:50 (Case 4Econ) whereas for
Case 5 the highest economic beneﬁt is achieved by the operating
policy for the weight combination of w1 ¼ 0:90 and w2 ¼ 0:10
(Case 5Econ) with an economic index value of 4:62 V L1 . Both cases
demonstrate that to achieve overall satisfactory economic process
performance, the fermentation bioreactor should be operated in a
manner that attains enhanced ﬁnal bioethanol concentrations
ð104:6 106:4 g L1 Þ with satisfactory yields ð77:9 78:3 %Þ at
moderate fermentation durations ð31  32 hÞ. These values are in
agreement with the literature, where the economic production of
bioethanol is reported to require concentration levels above
70 g L1 , fermentation times substantially lower than 80 h (Harcum
and Caldwell, 2020) with yields of approximately 80 % being reported (Joelsson et al., 2016). It is worth mentioning that the achieved ﬁnal bioethanol concentrations in this study are competitive
with the concentration levels ð80 115 g L1 Þ produced in ﬁrstgeneration bioethanol facilities (Ayodele et al., 2020). Furthermore, the achieved range of the productivity values in this study
ð3:31 3:36 g L1 h1 Þ is close to the maximum value
ð3:45 g L1 h1 Þ indicating that the maintenance of high levels of
productivity at the upstream level should be the primary objective
during process intensiﬁcation when aiming at enhancing economic
viability at the expense of yield and ﬁnal bioethanol concentration.
This is clearly illustrated by the value of the economic index for
Cases 2 and 3, where the optimal policies individually maximizing
yield and ﬁnal bioethanol concentration, respectively, lead to the
lowest values of the productivity. Particularly in Case 2, the economic index appears approximately 27 % lower than in the Cases

3.5. Results of sensitivity and uncertainty analyses
The sensitivity of the optimal economic index value (Case 6) is
depicted by a bar chart in Fig. 4a. It is observed that the economic
index is highly sensitive in variations corresponding to the substrate inhibition threshold ðGmax Þ, the maximum speciﬁc growth
rate of the residual biomass ðms;max Þ, and the glucose to bioethanol
yield coefﬁcient ðY EG Þ. Such an outcome could be expected since
these model parameters jointly describe the glucose metabolism in
the yeast and their inﬂuence on the economic index, as demonstrated by this study, further highlights the importance of substrate
allocation by the cells shifting the metabolism to either biomass
growth promotion or product synthesis. The results of the uncertainty analysis are summarized in the form of a cumulative histogram (Fig. 4b), where it can be observed that the process can
achieve values of the economic index greater than 3:97 V L1 with
a probability of 95%. Considering that the optimal value was
calculated as Econ ¼ 4:63 V L1 , it is demonstrated that uncertainties in the values of crucial model variables at the
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Fig. 3. (a) Optimal time trajectory of the substrate volumetric feeding rate, including the time evolution of the culture volume for Case 6, (b) Dynamic evolution of extracellular
glucose, extracellular bioethanol, and total biomass concentration for Case 6.

mathematical approaches are implemented, the adaptive capabilities of the yeast cells in light of the constantly changing environmental conditions remain the operational challenge. Thus, the
option of an adaptive optimization strategy based on the varying
culture needs during fermentation is worth investigating as a
means of promoting the adoption of continuous fermentation
technologies, which are more attractive to the industrial sector, in
route to establish the enduring commercial presence of secondgeneration bioethanol plants in the global fuel market.

4. Conclusions
The present study proposes a holistic model-based multiobjective dynamic optimization approach for the performance
intensiﬁcation of a bioethanol producing bioreactor, assisting an
already clean biofuel production process overcome economic restrictions, which currently hamper its commercial establishment.
Several optimal bioreactor policies are generated which can be
used as realistic estimates to model fermentation efﬁciency and/or
to size the bioreactor in different techno-economic assessments.
The economic beneﬁt of the derived optimal strategies is evaluated
using a proposed economic index correlating, for the ﬁrst time, the
performance of the fermentation bioreactor to the economics of the
entire production process. The highest economic beneﬁt is achieved via a bioreactor strategy, which prioritizes high productivity
ð3:32 g L1 h1 Þ by compromising yield ð0:399 g g 1 Þ and ﬁnal
product concentration ð106:0 g L1 Þ. The achieved KPI values in
this study are comparable to the ones reported for the production
of ﬁrst-generation bioethanol, thus providing a step forward towards the establishment of economically feasible large-scale second-generation bioethanol facilities. Nonetheless, further
enhancement in productivities is identiﬁed as a prerequisite for
lignocellulosic bioethanol commercialization. This indication paves
the way to continuous fermentation technologies and concomitantly mobilizes research developments towards this direction,
given our immaturity in operating such processes in continuous
mode.

Fig. 4. (a) Sensitivity indices of the economic index for the optimal operating policy
from Case 6. Model Parameters: 1, Emax ; 2, GEc ; 3, Gmax ; 4, KE1 ; 5, KE2 ; 6, KEu ; 7, KEm ; 8,
KG ; 9, KGm ; 10, KGu ; 11, ms;max ; 12, qG;max ; 13, rGu;max ; 14, XEc ; 15, YEG ; 16, YXG , (b) Cumulative histogram of the economic index as generated via the uncertainty analysis
using 10,000 samples. The 95% probability mark is depicted.
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