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Biological production of ethanol is a process well-known from millennia. This
biochemical fermentation uses the yeast (Saccharomyces cerevisiae) to convert various
saccharides (glucose, fructose, sucrose), obtained from various raw-materials, to ethanol
on a large production scale. The bioprocess efficiency depends on the yeast exposure
through a long period to inhibitors (byproducts), and fluctuations in the quality of the raw
materials, etc. Despite tremendous progresses in controlling this bioprocess, the
engineering part remains a challenging issue. In this context, engineering tools can help in
improving the bioreactor efficiency by implementing suitable optimal operating strategies
for a fed-batch bioreactor (FBR) case, as studied here. As proved, in-silico (math model
based) better results are obtained by using an adequate Monod-type process kinetic model
adopted from literature, and validated vs. extensive experiments. Several FBR optimal
operating policies, including a constant, or a variable feeding determined with using
large/tight searching intervals for the control variables are compared with the aim of
maximizing ethanol production, minimizing raw material consumption, and reducing
byproduct formation. Various numerical optimization algorithms have been used, by
including the Pareto optimal-front technique.

yeast cell

INTRODUCTION

“Biosyntheses spare today a lot of attention to
any mean or device improving bioprocess yields.
Eventually, they are able to replace the complex
chemical processes, which are energetically
intensive and generate lot of toxic wastes.»? In a
production chain of producing fine-chemicals,
different key-operations are managed and
optimized (i.e., cultivation, purification, filtration,
biomass immobilization, bioreactor operation,
etc.). The fermentative processes conducted in

* Corresponding author: gmaria99m@hotmail.com

bioreactors with living cell cultures, or in the
enzymatic reactors,* are currently used to produce
a large variety of valuable molecules,®*® by
integrating genetic and engineering methods.®’
Bioreactors are constructed and operated in
multiple alternatives as reviewed in the literature.>®

In spite of their larger volumes, continuously
mixed aerated or anaerobic tank reactors, operated in
BR (batch), or FBR (fed-batch) modes, are the most
used because they ensure a high oxygen transfer, and
a rigorous temperature/pH control, as also the case
here for the ethanol (P) production.>%*2
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This work focuses on the engineering part,
seeking for production maximization of a FBR
used for the ethanol biosynthesis, with minimizing
the raw-materials consumption, and reducing the
excessive formation of byproducts, by using in-
silico engineering techniques.>*-16

The in-silico derivation of optimal operating
policies of a given FBR is based on an available
bioprocess kinetic model derived from on-/off-line
measurements.  This  model-based  optimal
operation can be applied in two ways: (a) off-line
(or ‘run-to-run’), by using an adequate extended
kinetic model previously identified from the
collected experimental data (this paper, and>%"~
19: (b) on-line, by using a simplified, often
empirical math model to obtain a state-parameter
estimator based on the on-line recorded data (such
as the classical Kalman filter).”6:1%-24

“The use of a deterministic dynamic model,
based on the process mechanism, and on
macroscopic (measurable) state-variables (as the
case here) is preferred due to the physical
significance of the terms/parameters, which make
possible their validation vs. experimental and
literature data, even if repeated model updating is
necessary due to the bioprocess variability. 2
Typical optimization objective functions were
reviewed by Engasser.”?

In spite of its low productivity, BRs are
commonly used for slow bioprocesses, because they
are highly flexible and easy to operate in various
alternatives.>'*1? In the simple BR case, substrate(s),
biocatalyst, and additives are initially loaded in the
recommended amounts.+1216:18.2627:3031

“In the FBR case, the feeding policy (flow rate,
biocatalyst/substrates) are varied following an
optimal policy.>911192032 Although, FBRs reported
better performances compared to other batch
alternatives, they are more difficult to operate.
That is because they need previously prepared
stocks of cell-cultures, and substrate(s), of different
concentrations (a-priori in-silico determined), to be
fed for every ‘time-arc’ of the batch (that is a
batch-time division in which the feeding
composition is constant; self-understood, the
feeding of time-‘arcs’ usually differ between
them). This is the price paid for achieving FBR
best performances.” Other constructive solutions
can be adopted (review of Maria®).

The case study approached in this paper refers
to the ethanol production from sugars fermentation
on yeast. The sugars are obtained from the starch
of various crops, mollases, cellulose, and food

processing byproducts.®®3” The literature is plenty
with  technological details about this old
bioprocess,3"* and alternative
technologies. 36373940

By using an adequate unstructured (Monod-
type) kinetic model from the literature,** the in-
silico analysis of this paper is aiming at evaluating
and comparing performances of various
alternatives to optimally operate an analyzed FBR
to maximize the ethanol production from glucose,
by using a yeast culture immobilized on millimeter
alginate beads.*2#+%8 The results are also compared
with the experimental not-optimal BR operation of
Zentou et al.,*! and with the not-optimal FBR
operation of Rivera et al.*® The paper includes a
significant number of elements of novelty, better
underlined in the Conclusions section.

EXPERIMENTS TO DETERMINE THE
BIOPROCESS KINETIC MODEL

1. The experimental bioreactor and data
acquisition

At a cell level, the ethanol is strongly linked to
the glycolysis, as long it is produced from the
pyruvate, as shown by the simplified core of the
central carbon metabolism (CCM) in bacteria (Fig.
1), which is similar to those of the yeast given by
Teusink et al.*® As can be seen, beside ethanol,
several  side-compounds are  simultaneously
produced (glycerol, AC, SUCC, LAC, and others).
To derive a global simplified (Monod type) Kinetic
model of the sugars fermentation, Zentou et al.*
conducted 6 batch experiments in a BR with the
characteristics of (Table 1). These experiments run
at 30°C, pH 4.5, and for 25 h, covered a large
interval of GLC initial concentrations of [25-250]
(g/L). The most relevant are those with initial
[GLC] of 100, 150, 200 g/L. For each experiment,
ca. 8-9 quasi-equidistant samples were taken during
the batch to determine the dynamics of the main
species: substrate (GLC - S), main product (ethanol
- P), the biomass (X), the lump of undesired
byproducts (Z). Every kinetic data set was used by
Zentou et al.! to estimate the kinetic model rate
constants. Finally, these rate constants are averaged
to be valid for the whole interval of the substrate
initial concentration. The resulted kinetic model fits
very well with the experimental data (figures not
presented here, see Zentou et al.** for details).
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In this paper, immobilized biomass on porous
millimetric alginate beads have been used, due to
their multiple advantages,*>-448 that is: 1) a much
higher stability of the biomass; 2) The biomass

(X) can be used as a control variable due to the
possibility of being added/removed to/from the
FBR (an option seldom described in the
literature).

co2

v
o AC

Fig. 1 - Simplified representation of the CCM pathway in bacteria of Edwards and Palsson®? (including the PTS-system, that is
GLCext-to-G6P pathway). Excreted ethanol and its by-products are underlined by separate fluxes. Details on the 95 numbered
reactions, involving 72 metabolites, and about the reactions’ stoichiometry, and net fluxes are given by Maria et al.®® Adapted from
Maria et al.®® with the courtesy of CABEQ JI. GLC = glucose. See the abbreviation list for species names.

Table 1

The tested operating conditions of the analysed FBR. A similar bioreactor was used by Zentou et al.** in a BR mode,
and by Rivera et al.*> in a FBR mode to collect kinetic data for the ethanol (P) synthesis by using a culture of yeast.

The BR / FBR conditions

Control variables

Nominal values

Obs.

Biomass initial concentration, [X]o, (g/L)

10

Zentou et al.*!

4045

Rivera et al.*

Feeding immobilized biomass conc.
feed

J' (g/L) over the FBR, j=1,..., Ndiv

1-100 (tight limits)
1-150 (large limits)

Optimized within imposed limits (FBR
case, eq. 7)

Biomass immobilized on alginate

Millimetric (1-3) size particles*?

beads (this paper)
. 25 Zentou et al.4!
Batch time (Tf), (h. :
(a?etrcobEc c%r(1dift)i’0(ns; & Rlverg ! 9"45
25 Adopted in this paper
0375 Rivera et al.*®
Feed flow-rate (FL) for the FBR case, (constant, not-optimal) )
(L/h) optimally varied, but not exceeding the
0.1-0.5 .
reactor capacity
Substrate solution initial conc. [S]o for BR, 25-250 (BR) Zentou et al.*
) ) S feed 4-18; 172 (FBR) Rivera et al.*®
and feeding solution conc. > j— for 25-250 (tight limits) To be optimized within imposed limits

FBR case, (g/L)

25-300 (large limits)

(e9.7)

Bioreactor liquid initial / maximum
volume (VL), (L)

1

Maximum 2 L4
Maximum 1.5 L%
Max. 15 L (adopted capacity)

Substrate composition

Glucose (GLC)

This paper; Zentou et al.*

Sugarcane juice (GLC, fructose,
sucrose)

Rivera et al.*

Temperature / pH

30°C /45

Zentou et al.;*! this paper

28-40°C/4.5-5

Rivera et al.*

Bioreactor facilities

automatic control pH, DO,
temperature

Zentou et al.;*! Rivera et al.#>48
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Table 2

The dynamic model of the ethanol biosynthesis in the FBR. The model combines the mass balance of the bioprocess key-species, and
of the FBR control variables (GLC, X, FL) for its time step-wise variable feeding policy. The bioprocess kinetic model is those of
Zentou et al.,*! with the rate constants estimated from extended experiments carried out in the BR of Table 1, and [GLC] initial €
[25-250](g/L). Notations: S = GLC = substrate; X = immobilized biomass; P = the desired product (ethanol); Z = the by-products

lump, including glycerol, acetate (AC), succinate (SUCC), and lactate (LAC)

Species mass balance (b)

Remarks, and estimated rate constants

Glucose:

F
1S Lj|.fee
L=/ (S-)-(“d - S) +r,:
dt 8 J S
L

feed _ . . S :
S”j = control variables to be optimized; j = 1,..., Ndiv
(equal time-arcs);
For the optimal FBR with adopted Ndiv =5, the feeding
policy is given by eqn.(3). See also the footnote (a).

X
r.=-
S -
Y
XS
Biomass:
F
dX "L j 3
a L (Xfe(,(i ) X) i
dt  y J FoX
L
Xf eed _ control variables to be optimized; j = 0,..., Ndiv
(equal time-arcs);
Iy =M X
K
) s |, |z z
H 7ﬂnm.\go K +S B 7
S m

The main product (ethanol):

F
dP i
T:—LJ (ijéed-P)+rP
dt v
L
oy . . opleed_oo o -
'p = }{PS}S ; Pj 0 for all j; [Plo = 0.

The lumped by-products (glvcerol. AC. SUCC, LAC):

F L
dz_"Lj (Z_fec’d_Z)Jrr

L
ro==Y__r.: Z'(@d: 0forallj; [Z]o=0
Z zZ5°S 7 - ’
Liquid volume dvnamics:
d VL o
dt Lj’
F j = control variables to be optimized; j = 0,...

Ndiv (equal time-arcs);

The bioreactor ideal model main hypotheses
are the followings:®

1).-Isothermal, iso-pH, iso-DO operation (for
the aerobic case);

2).- Nutrients, additives, antibiotics, and pH-
control compounds®” are added initially and
during FBR operation to ensure the optimal
grow of the biomass:

3).- Aeration 1n excess (for the aerobic case)
over the batch to ensure an optimal biomass
maintenance, and fo contribute to the liquid
homogeneity:;

4).- Perfectly mixed liquid phase (with no
concentration gradients), of a volume
mcreasing according to the liquid feed flow-
rate constant or time-varying policy:

5).- There is a negligible mass resistance for
the transport of mutrients / substrates /
products / oxygen into the liquid and inside
the porous alginate beads;

6).- In the FBR case, the control species
(GLC. X) are loaded initially, and then
continnously added during the batch
according to an optimal variable feeding
policy to be in-silico (off-line) determined;
7).- Solid particles of alginate are considered
of equal size, and uniformly distributed in the
homogeneous liquid phase (perfect mixing
conditions).

=0.244 (1/h
Hmax.o (1/h)

KS =11.37 (g/L)

Z =60(g/L
o =60@L)
Kz=0.83

YXS =0.280

YPS =0.42

YZS =0.0442

For the adopted Ndiv =5, the feeding policy is
given by the eqn.(3). See also the Footnote (a).

Footnote: (a) For the adopted Ndiv = 5, the time-arcs switching points are: T1=5h.; T2= 10 h.; T3=15h;

T4=20h.; Ly= 25 h. The FL 0 F]_ 4

with the other control variables (that is S‘; Ged. X ;’( ced

time step-wise feed flow-rates are to be determined simultaneously

) to ensure the FBR optimal operation.

(b) The initial concentrations of the kev-cell species (S, X), are given in (Table 1).
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2. The proposed kinetic model
of Zentou et al.**

This industrial bioprocess is developed at a
large scale (over 29.5 billion gallons in 2023 from
crops, for food and biofuel industry). Together, the
United States and Brazil produce 80% of the
world's ethanol.*” Due to such a huge importance
of this bioprocess, highly intensive efforts were
invested in developing an adequate kinetic model
aiming at process design, optimization and control.

Among the ustructured (global) models are
worth mentioning: Monod;**4° Tiessier;*® Aiba;*
Ghose and Tyagi,* Hinshelwood.*® According to
Kasbawati*® there are no big differences between
these models regarding their prediction. Other
models try to characterize the dynamics of the
simultaneous saccharification-fermentation process
for ethanol production.>* When using a culture of
Zymomonas mobilis, an oscillatory process is
reported, modeled by Escobar.5?

Hesitant attempts to extend the validity of the
unstructured kinetic models by also including some
structural elements referring to the cell metabolism are
made by Mazzoleni et al.,> and by Teusink et al.*

The Monod model adopted in this paper is
those proposed by Zentou,** being presented in
(Table 2) integrated in the FBR dynamic model. It
was chosen for several reasons: i) it is enough
simple to allow quick engineering evaluations, by
including only the main four key-species/lumps [S,
X, P, Z]; ii) it was proved to be very adequate
being fitted and validated over a large number of

Species in the bulk phase:
d‘,‘ T Lj (Cfeed

dr 4 i,]

dt IL J

feed feed . . L cae
(P.j =0, and (Z,_j =0.forallj=0.1,.... Ndiv
(JVL

“ar i o= (r=0)
where ‘i’ denotes the considered key-species [S, X, P,
Z]; ‘i’ denotes the FBR feeding time-arcs; j =

1,....Ndiv. During the batch FL i is varied

according to an optimal feeding policy to be
determined for every ‘time-arc’ index j° in eq.
(1,3,4) (that is an interval in which the batch time is
divided). Similarly, the control species ‘i’ = [GLC,
X] are added initially and during the batch

cifiEd according to an optimal feeding policy to be

determined.

data (batch runs). Thus, it was proved to be valid
for a large range of initial GLC concentrations.

3. FBR bioreactor model and operating
alternatives

To not complicate the numerical evaluations, a
simple ideal model of FBR was adopted to
describe the key-species, and the liquid volume
dynamics during the batch at a macroscopic level
(S, X, P, Z, VL in the bulk, Table 2).

The FBR (Fig. 1) ideal model main hypotheses
are given in Table 2. The limits of the liquid feed
flow-rate ( FL J in egns. (2,3,4,7)) are adjusted to

not to exceed the bioreactor capacity Max(VL) in

Table 1. For a variable time step-wise operation,

the GLC-substrate S jfeed’ and the immobilized
biomass Xjfeed are added initially in the

bioreactor and during the batch according to an
optimal feeding policy to be determined. During

the batch FL j is varied according to an optimal

feeding policy to be determined for every ‘time-
arc’ index ‘j” in eqgns. (1,3) (that is an interval in
which the batch time is divided).

“From a mathematical point of view, in a
general form, the FBR dynamic model (Table 2)
translates to a set of 5 differential mass balances
(ODE set) written for the key-species of the FBR,
as followings”:®

- cj) + 7}(C(f)’C0’k): o= ¢;(t=0)

)

The reaction rate r; expressions together with
the associated rate constants are given in the (Table
2). In the above model, ¢ = vector of species

concentrations; C( = initial value of c¢ (at time

t=0) given in (Table 1); K = vector of the model
rate constants. The reactor content dilution in
eq. (1), determined by the increasing V. is due to
the continuously added F. term.

In the egn. (1), S (GLC), X, and F_ are the
control variables here.
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The optimal FBR operation alternatives
derived in this paper are more complex than the
simple BR operation of Zentou,** or than the
constant not-optimal feeding over the FBR batch
of Rivera et al.*®

= feed (i = S,X) of a FBR can be kept

L ja CI J
constant, or can be variable, according to the
following alternatives:

Alternative (A) — constant feeding. A constant

i . . feeding along the entire batch, that is
During the batch, the optimal control variables (for Naiy = 5):
Fro=Fy1=Fp ,=F; 3=F; , ;
feen’ jeen’ fem’ feed jem’ .
‘Grco~GrLc1 ~6rLe,2 ~Grez ~Gre4 (2
fe ced fe ved _ je ced _ jeed jeed
‘Xo T°x1 Tx2 Ta3 x4

This case corresponds to the nominal FBR not-
optimal operating conditions of Rivera et al.,*

when the control variables Fj and cheLeg ; are kept

constant.

Of course, a better idea for this alternative
(also checked in the present study) is to optimize
the initial values of the control variables [FL 0’

feed feed]
gIcO’ X0

applying a NLP procedure (with a single
objective function, section 4.2), or a Pareto-
optimal front technique (with multiple
objectives, section 4.3), both procedures in the
presence of imposed search limits, and of
multiple constraints (section 4.4). Details on the

that is three unknowns by

used NLP optimization algorithm and on the
Pareto-front are given in the section 4.5.

Alternative (B) — variable feeding. “To not
complicate the engineering calculations, the main
assumption for a variable feeding of the FBR is the
following: i) The time-intervals of equal lengths At =
tr /Naiv are obtained by dividing the batch time t: into
Naiv parts tjia <t <t , where t; = jAt are switching
points (where the reactor input is continuous and
differentiable), and ii) On each time step-wise arc,
index j=1,..., Na, the control variables are kept
constant. Of course, the values on each time-arc do
not have to be necessarily equal to each other. Their
optimal values are determined from solving an
optimization problem (i.e. maximization of the
ethanol production here). In math terms, this FBR
variable operation corresponds to:”®

f?“’ if 0<r <T1 .
FL if 0<r <Tl
f”d if Tl<r<T2 FLI' if Tl<r <T2
feen’ fee(i : A . _JF if T2<r <T3
e/’ ¢y M T2sr<T3 : Fp FLg - T; (3)
5 3<r < T4
efoed g T3<s <14 AP e
4<F < f
Teed i L4 I
7(]_\4 if T4<r¢ .rf

i index = { GLC, X}

For the adopted Ndiv =5 here, the j=1, , Ndiv
time-arcs switching points given in the eq. (3) are
the followings: T1=t;/ Ndiv (5 h.); T2= 2 t;/ Ndiv
(10 h.); T3=3t;/ Ndiv (15 h.); T4= 4 t;/ Ndiv (20
h.);t=25h.

This variable feeding operation implies a time
step-wise variable uneven feeding along the
batch (studied in this paper), by in-silico (off-
line) determining the following control variables
(for  Naiv 5 here): FL 0" FL 4

feed feed feed feed -
n _ ver th
°cLc,0 " CeLC,4’ ao":xo X4 over the j =

0,1,...(Naiv -1) time-‘arcs’ of the batch, that is 3x

Nagiv = 15 unknowns. The optimal operating
policy results by applying a NLP procedure
(with a single objective function, section 4.2) in
the presence of imposed search limits, and of
multiple constraints (section 4.4). Details on the
used NLP optimization algorithm are given in
section 4.5. Multi-objective FBR optimization is
possible (not checked in this paper). See Maria
and Crisan® as an example.

The major drawback of the FBR of variable
feeding is coming from its more difficult operation
compared to the constant feeding one, as long as
the time step-wise optimal feeding policy requires
different feeding substrate solution stocks of
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different concentrations, and separate different
stocks of immobilized biomass of different
concentrations, to be fed over the batch. This is the
price paid for achieving improved FBR
performances in most of cases.

The choice of the number of time-‘arcs’
(Ndiv). The FBR operating policy with a variable
feeding (alternative B) implies a time step-wise
variable feeding over an adopted (Ngiv = 5 here)
equal time-arcs that covers the whole batch time.
Each time-arc ‘j” (j= 1,...,Na) is characterized by
optimal levels of the control variables [FLJ_;

feed . fe
gle,j’ X,
problem: Which should be the optimal Naiy
in order not to require a large number of feeding
éfg,dj ; c)ffejd] to be prepared in
advance, but also to lead to a maximum efficiency
of the FBR. Besides, FBR operation with using a
large Ndiv time-arcs can raise special operating
problems when including PAT (Process Analytical
Technology) tools.>

c ‘?d]. This option raises another

stocks of [Fy_j; €

A brief survey of the FBR optimization
literature?®>* reveals that a small number (Ngy) < 10
is commonly used due to multiple advantages,
extensively pointed-out by Maria.>' Thus, to not
complicate the computational analysis, (Naiv) = 5 was
adopted, with equal time-arcs covering the batch time
tr =25 h. Other options are reviewed by Maria.®

4. FBR optimization problem

4.1. Control variables selection for the FBR
optimization

By analysing the FBR model of (Table 2), the
natural option is to choose as control variables, the
ones that are easy to handle, and those that exert a
major influence on the bioprocess, according to the
kinetic model form. The following control
variables are considered for the both operating
alternatives (A-B) of the FBR (section 3):

Control variables in a constant feeding operation of the FBR (alternative A):

~ . feed feed
LEL0° “aie0” X0

Control variables in a time step-wise variable feeding operation of the FBR 4

(alternative B):
. feed  feed
[FLJ' “ele,j" X, j

Other parameters of the FBR operation are
given in (Table 1). Of course, other control
variables can be considered as well, that is:
temperature,* byproducts intermediate
separation,*! and recovery,* etc.

4.2. Single objective function (£2) optimization
(NLP)

By considering the mentioned control variables
eq. (4), optimization of the FBR with a constant
feeding (alternative A, in Eqg.4) consists of in-silico

1(G=0..... Naiv)

(off-line) determining its optimal initial load,
simultaneously with its constant optimal feeding
policy during the batch leading to maximization of
the ethanol [P] production, eq.(5).

Similarly, optimization of the FBR with
variable feeding (alternative B, in Eqg.4) consists of
in-silico (off-line) determining its optimal initial
load, simultaneously with its feeding policy for
every time-interval (‘arc’) during the batch,
leading to maximization of the ethanol [P]
production, that is:

Max Q, where: Q= Max [P(7)]. with (7) € [0. /r] (5)

The [P](t) dynamics in eq. (5) is evaluated by
solving the FBR ODE dynamic model (Table 2) [eg.
(1-3)] over the whole batch time (t) € [0, t].

The NLP problem eq. (6) is a difficult multi-
modal non-convex one, due to the highly nonlinear
bioprocess model, and constraints. The problem is
solved by applying an effective NLP procedure
(section 4.5) in the presence of imposed search
limits, and of multiple constraints (section 4.4).

4.3. Multi-objective Pareto optimal front for
an optimal but constant FBR feeding

“When more than one objective function is
simultaneously  considered, the optimization
problem is more difficult to be solved. For multi-
objective optimization, several alternatives can be
followed.>"® One elegant option is to obtain the
set of Pareto optimal solutions, also called Pareto-
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front for the case of at least two adverse
objectives.®® A Pareto solution is one where any
improvement in one objective can only take place
at the cost of the other objective. In fact, the
Pareto-curve is the geometrical place of the all
points (problem solutions) that realizes the best
compromise between the 2 considered objective
functions. The choice of a solution (a point) from
this Pareto-curve is subjective, usually depending
on other criteria not included in the Pareto-
optimization. However, some authors suggested
choosing a ‘break point’ of the Pareto-optimal
curve as being the most favourable solutions of the
optimization problem.”%

For the present case study of a FBR operated with
a constant optimal feeding eq.(2), several opposite
objectives can be considered at the batch end, such
as: maximum ethanol (P) production, minimum
substrate [GLC] consumption, minimum necessary

, , feed -
viable biomass Cxe,ej to be fed, minimum feed flow

rate FL (to avoid a too high dilution of the bioreactor
content), and others. Of course, the Pareto-optimal
fronts can be obtained by using any pair of these
opposite objective functions. In the approached case
study, for a FBR with an optimal constant feeding,
the following four opposite objectives are considered
two-by-two, based on their adverse effect in the
process model, that is:

Max. P production —vs.- Min. substrate [S] consumption;

Max. P production —vs.- Min. inlet biomass [X]feed:

(6)

Max. P production —vs.- Min. feeding flow rate FL (1.e. minimum reactor dilution).

The problem eq. (6) is solved by applying an
effective procedure (section 4.5) in the presence of
imposed search limits, and of multiple constraints
(section 4.4). Due to the limited efficiency of the
used Pareto-optimizer (section 4.5), the rough
(slightly oscillating) obtained Pareto-curves are
difficult to be interpreted. To better point-out their
monotony, approximate  Pareto-curves  will
be generated by using the cubic spline procedure
of Matlab with a suitable smoothing constant
(section 4.5).

4.4, Optimization problem constraints

The optimization problems egns. (5-6) are
subjected to the following multiple constraints, as
followings:

a) The FBR dynamic model eq. (1) including the
bioprocess kinetic model (Table 2);

b) The FBR running condition from (Table 1),
excepting the control variables of eq. (4)
which are determined from solving the
optimization problem (sections 4.2—-4.3);

c) To limit the excessive consumption of raw-
materials, and to account for the limited
reactor volume, feasible searching ranges
are imposed to the control/decision
variables.

To also study the influence of the adopted range
size of the control variables on the optimization
problem solution quality, two types of the problem
constraints have been tested, that is: i) tight search
intervals and strong constraints for [X]final and
VLfinal (TISC), and ii) large search intervals and
weaker constraints for [X]final and VLfinal
(LIWC). In mathematical terms, this idea
translates into the following relationships:

Tight search intervals and strong constraints (TI1SC) @)
25 (g/L) < f “d . [GLCJo <250 (2/L); VLfinal < 10 L: [X]final < 100 (g/L)
1 (g/L) < f c ‘f“’ [XJo <100 (/L): 0.1 (L) < F; 2Fy < 0.5 (L/h)
Large search intervals and weak constraints (LIWC)
25 (g/L) < ({j{“;’ [GLCJo <300 (g/L): VLfinal <15 L; [X]final < 150 (g/L)
1 (g/L) < fg“’d [X]o 150 (/1): 0.1 (L) = F) 3F) o <05 (L/W)

d) physical meaning of searching variables:
Foo-0- feea’

Lj t’c 20;

feed

(] 1..... vdu) (8)
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e) physical meaning of state variables:

¢j (t) = 0 .V t:where ‘i’ = key-species [S. X. P. Z] 9)
The imposed feasible ranges of the control optimal fronts, are presented in the following
variables in eq. (7) take into account not only the forms:
implementation facilities, but also to the economic -- The Pareto optimal fronts for several
reasons (minimum substrate consumption, reactor opposite objectives (Fig. 2);
reduced dilution). -.- The dynamics of the key-species predicted
by the adopted kinetic model, for the experimental
4.5. The used numerical solvers BR of Zentou et al.** (Table 1) is displayed in Fig.

The used numerical solvers are common 3. The all FBR operating alternatives (that is
NLP-optimal, or the Pareto-optimal), with a

routines of the Matlab computational package, . . .
that is: i) a high-order stiff integrator (ODE15s) gci)snpslts;;doirn ?F\i/g.rfb;&ij;i;j.mg’ are comparatively

to solve the FBR dynamic ODE model of (Table 2); A compari .
. . ) - parison of the all FBR operating
ii) an effective genetic algorithm (SGAMULTIOBJ) alternatives derived in this paper, and with those

to generate the rough Pareto-optimal fronts (Fig. 2); from the literature is given in Table 3, in terms of
i) the (CSAPS) cubic spline procedure to ethanol (P) production and raw-materials
obtained the smoothed Pareto optimal-line, with consumption, even if the batch time of the
a suitable smoothing constant.®; iv) the multi- Rivera et al.“> experiments is much shorter.

modal optimization routine MMA of Maria*® has It is to mention that the FBR operation in Table 3
been used to solve the NLP multi-modal, non- is considered in the all operating alternatives (eqns.
convex optimization problem eq. (5), with the (1-4)), that is: i) A time step-wise optimal variable
constraints eqns. (7-9). feeding (Fig. 4, #1) with LIWC; ii) A constant not-

optimal feeding (literature results); iii) A constant but
optimal feeding (this paper, NLP-optimal, or Pareto-

5. Optimization results and discussion optimal), with LIWC or TISC (Fig. 4, #1-#4).
) ] In the Table 3, the substrate (GLC), and
The results obtained by solving the NLP biomass consumption for the FBR case was
optimization problem, and by deriving the Pareto- evaluated with the following relationship:
N .. . v _ .
. 'gIVC.fe.edF At Atj =ts /Ndiv’ 1’ index = [GLC, X] species (10)

DAY B

250.005 a0
38 1 D002

249.005

indtial X, (giL)
irlat FL, (L)

15 | o.1001

-4
- inlet 8, i)

w015, ]
B4z 10838 043 1l 1044 10445 TMS 14z 104325 M3 10435 M4 04AS 1045 0435 043 104.4 104,45

0435
Pfinal, [@'L) Ffinal, (gL}

104,38
Pefinal, (9L}

Fig. 2 — The Pareto-optimal fronts for the analyzed FBR in terms of pairs of opposite objectives, that is:
[LEFT] maximum P production vs. — minimum substrate (GLC) consumption. The end point was chosen as being the most favorable
solution (set-point) for this optimization problem.
[MIDDLE] minimum fed biomass (X), vs. maximum P production. The marked point corresponds to those of the LEFT Pareto-
optimal curve.
[RIGHT] required constant feed flow rate (FL), vs. maximum P production. The marked point corresponds to those of the LEFT
Pareto-optimal curve.
The black curves are the rough Pareto-optimal fronts eq. (6), obtained by imposing tight limits and strong constraints (TI1SC) for the
control variables given in eq. (7). The blue lines illustrate the approximated Pareto-optimal fronts by using the cubic spline procedure
of Matlab, with a smoothing constant 1e-10.
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S (glL)

0 5 0 15 20 25 0 5 10 15 20 25
time (h.) time (h.)

Z(glL)

0 5 10 15 20 25 0 5 10 15 20 25
time (h.) time (h.)

Fig. 3 — Model-based simulated trajectories (—) of the bioprocess key-species (S, X, P, Z) in the bioreactor of Zentou et al.,*
operated under nominal, not-optimal batch mode (BR) of (Table 1). These predictions fit very well with the plotted experimental data
of Zentou et al.** (not presented here).

350

A 0.55 B

1,2

300

[GLC]-inlet, (g/L)

250

2,34 1-4

2 ! X
mO 5 10 15 20 25 DUSO 5 10 15 20 25
time (h.) time (h.)

L

=l
N

2

g
L, (L)

[Q-intet (g L)

o 5 10 1‘5 20 25
time {h.) 0 5 10 15 20 25
time (h.)

Fig. 4 — Model-based determined [A] optimal feeding with glucose (GLC) solution, and [B] optimal feeding flow rate
(FL), and [C] optimal feeding with immobilized biomass (X), and [D] the predicted liquid volume (VL) increase in the
FBR operated under the below #(1-4) alternatives.

#(1) Operation with a time step-wise optimally NLP varied feed flow rate (FL), biomass (X), and glucose solution (GLC),

determined with imposing LIWC optimization constraints, eq. (7).

#(2) Operation with a NLP optimal constant feed flow rate (FL), and NLP optimal constant concentrations of fed
immobilized biomass (X), and fed GLC solution, with imposing LIWC optimization constraints, eq. (7).

#(3) Operation with a NLP optimal constant feed flow rate (FL), and NLP optimal constant concentrations of fed
immobilized biomass (X), and fed GLC solution, with imposing TISC optimization constraints, eq. (7).

#(4) Operation with a Pareto-optimal (Figs. 2—4) constant feed flow rate (FL), and Pareto-optimal constant concentrations of fed
immobilized biomass (X), and Pareto-optimal GLC solution, with imposing TISC optimization constraints, eq. (7).
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By analysing the resulted FBR optimal
operating policies (plots in Fig. 4), and Table 3)
compared to those of the sub-optimal BR operation
of Zentou et al.,** or of the sub-optimal FBR of
Rivera et al.,*® several observations can be derived,
as followings:

1) -.- lIrrespectively of its optimal operating
policy, the FBR efficiency strongly depends on the
chosen search intervals for the control (decision)
variables, and on the imposed constraints, that is
TISC, or LIWC of eq.(7). Generally, as expected,
the LIWC optimization conditions lead to FBR
operating policies of a higher productivity but with
the cost of a higher reactor dilution, and a higher
biomass production.

2) -.- The kinetic model adopted in this paper
fairly fits the experimental data of Zentou et al.,**
being enough adequate to derive engineering
evaluations of the FBR optimal operation. The
simulated key-species dynamics in Fig. 3
(generated by using the Monod model of Zentou et
al.*!) gives an idea about the low performances of
the non-optimized BR simple operation.

3) -.- The rough classification given in Table
3 to the different FBR operating alternatives
(i.e. ‘good’, ‘fairly good’, ‘best’) is based on
the operating policy performances (ethanol
production maximization, raw-materials
(GLC,X) minimum consumption, below limit
increase of the liquid volume, small production
of biomass, small production of byproducts.

4) -.- The best operation alternative is the FBR
with an optimal variable feeding policy over Ndiv
= 5 equal time-arcs. Its production is ca. 31x
higher than those of the BR of Zentou et al.,** with
ca. 31x higher substrate consumption, and with 5x
higher production of biomass. Even if the liquid
volume increase is significant, another advantage
of this policy is given by the lowest percentage of
byproducts (0.4%) in the final product, compared
to the all other operating alternatives.

5) -.- The efficiency in the ethanol (P)
production of the NLP optimally operated FBR
with a variable feeding is significantly higher
(1,323 g/25 h) compared to the same FBR but with
a constant NLP optimal feeding (313.75 g/25 h),
with a much lower byproducts content (0.4% vs.
1.7%) for the same biomass production, even if the
reactor net dilution is 4.2x higher. The same
(LIWC) optimization constraints have been used
in both cases.

6) -.- The FBR with a constant optimal feeding
reported a similar efficiency for both Pareto-

optimal, or NLP-optimal operating policy, due to
the same TISC optimization conditions. By
contrast, the same constant feeding but using a
NLP-optimal operating policy, with LIWC
optimization conditions reported better
performances, in spite of a higher raw-materials
(GLC, X) consumption. This Pareto-optimal set-
point was chosen according to the Fig. 2, being the
best compromise between maximum P production
vs.- minimum substrate (GLC) consumption.

7) -.- Due to the above remarks, it is not
surprising that the GLC feeding policy of the FBR
(Fig. 4A) for the NLP optimally time step-wise
varied feeding (FL, GLC, X), is the same with
those used for the NLP optimal operation with
constant control variables (FL, GLC, X), both
cases being obtained with imposing LIWC
optimization constraints, eq. (7).

8) -- As remarked by Zentou et al.** the
byproducts synthesis increases with the inlet GLC
concentration. However, the FBR with a variable
optimal feeding policy (Table 3) reported the smallest
percentage content of byproducts (0.4%) due to its
variable policy of adding the substrate GLC;

9) -.- Evaluation of the realized yield during the
batch for the all compared operating alternatives of
Table 3 does not change the established hierarchy
mentioned in the column produced P, based on the
following criteria: i) maximum productivity in P,
simultaneously with ii) minimization of substrate
consumption (GLC), and with iii) minimization of
formation of secondary products (Z). In all
operating alternatives, the realized net yield of ca.
42% is smaller than the theoretical one (ca. 51%).
To conclude, the FBR with an optimal NLP
variable feeding is superior to the other operating
alternatives evaluated in Table 3 in many ways,
that is: a) the productivity is 4.2-5x higher; b) the
percentage of the byproducts (Z) in the product at
the batch end is 4x smaller. However, it is fair to
also mention the disadvantages of using the FBR
with an optimal NLP variable feeding. These
concern the higher consumption / production of
biomass, and a higher reactor content dilution.
And, of course, the FBR with a variable feeding is
more difficult to operate. That is because it needs
previously prepared stocks of cell-cultures, and
substrate solutions, of different concentrations (a-
priori in-silico determined), to be fed for every
‘time-arc’ of the batch (that is a batch-time
division in which the feeding composition is
constant; self-understood, the feeding of time-
‘arcs’ usually differ between them).
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The FBR with a constant not-optimal feeding
of Riveira et al.** can not be considered in this
comparison, because the inlet feed flow rate is
not specified by the authors, but only a value
used in a previously cultivation step of the yeast.
Due to such a reason their yield can not be
evaluated.

10) -.- As proved also by the case study of this
paper, the optimally operated FBRs with a time
step-wise variable feeding reported better
performances compared to the all other FBR
operating alternatives. However, they are more
difficult to operate. That is because they need
previously prepared stocks of immobilized
biomass, and substrate(s), of different
concentrations (a-priori in-silico determined), to be
fed for every ‘time-arc’ of the batch. This is the
price.  paid for achieving FBR  best
performances.>®*2 Besides, FBR operation with
using a large Ndiv time-arcs can raise special
operating problems when including PAT (Process
Analytical Technology) tools.>

CONCLUSIONS

To conclude, the FBR operation with an
optimal time stepwise control of the feeding
policy, or even an optimal constant feeding, but
using multiple control variables, reported better
performances than the simple BR operation due
to its higher flexibility in using the biomass and
substrates, even if a small number of equal time-
arcs is used (Ndiv < 10). The major drawback of
the FBR of variable feeding is coming from its
more difficult operation. Besides, FBR operation
with using a large Ndiv time-arcs can raise
special operating problems when including PAT
(Process Analytical Technology) tools.>* An
economic global evaluation (not approached
here) accounting for the product/raw-material
relative value can give a more accurate answer to
such a sensitive issue.

The present optimization analysis proves its
worth by including multiple elements of novelty.
Among others it is to mention: (i) An optimally
operated FBR with a variable feeding using a
small number of time-arcs (<10), and using wide
but feasible ranges for setting the control
variables can lead to high performances of the
bioreactor. (ii) The major role played by the

variable feeding with the viable biomass, leading
to consider (X) as a control variable during FBR
optimization (an option seldom discussed in the
literature). (iii) The FBR with an optimal
constant feeding could also be an attractive
alternative, requiring a much simpler process
control, in spite of a much lower productivity
due to less need raw-materials. (iv) The FBR is
considered here with using immobilized
biomass, for the reason mentioned in section 2.1.
Thus, among others, FBR operation with an on-
line addition of the viable immobilized biomass
(of variable concentration, to be fed for every
‘time-arc’) is more advantageous, the biomass
content becoming a control variable. (v) The
advantages of wusing a reduced, even if
unstructured Kkinetic model, but enough adequate
to reproduce the dynamics of the bioprocess key-
species to derive quick in-silico engineering
analyses. Such quick numerical evaluations can
be used to base decisions about the best
operating policy to be applied to a BR or a FBR
with considering multiple economic goals.

Finally, the FBR with an optimal NLP
variable feeding, is superior to the other batch /
semi-batch operating alternatives, based on the
following criteria: i) maximum productivity in P,
simultaneously with ii) minimization of substrate
consumption (GLC), and with iii) minimization
of formation of secondary products (Z). Thus, by
reporting the same moderate yield of 42% as in
all other alternatives (compared to the theoretical
one of 51%), this FBR with variable optimal
feeding reports better performances in many
other ways, that is: a) the productivity is 4.2-5x
higher; b) the percentage of the byproducts (Z)
in the product at the batch end is 4x smaller.
However, it is fair to also mention the
disadvantages of using the FBR with a variable
feeding. These concern the higher consumption /
production of biomass, and a higher reactor
content dilution. And, of course, it is more
difficult to operate. That is because it needs
previously prepared stocks of cell-cultures, and
substrate solutions, of different concentrations
(a-priori in-silico determined), to be fed for
every ‘time-arc’ of the batch (that is a batch-time
division in which the feeding composition is
constant; self-understood, the feeding of time-
‘arcs’ usually differ between them).
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Table 3

Efficiency of various operating alternatives of the FBR. of (Table 1) in producing ethanol from glucose by using an immobilized
yeast culture. Initial liquid volume VL,0 = 1 L. Notations: TISC = Tight search intervals and strong constraints; LIWC = Large
search intervals and weak constraints, defined by eq. (7). Liquid initial volume VL,o=1L

Substrate
. . consumption, and Max Final
Bioreactor operation (B) biomass production Produced P 2] VL f
©G)
. (Net
GLC Biomass (X Net Net
®0 PIf, | [PIf | Yiel AVL) ()
Type Naiv Cons x d (9/L)
ume | Final | (g/L) | AVL | (%)
%Z L
(%62) a4 | @ | ¢ &
g
Nominal initial load
(Fig. 3)
BR [GLC]Jin 100 100 1
Experiments of 1 - 9.5% 1 29 42 4.42
Zentou et al 4t [X]in 1 (9.5%) 42
- 42 (poor 0
[P.Z]in 0 ) ©)
Tf 25h
FL=0.375 L/h (?)
FBR [GLC]feed = 15.52
Constant not- [GLC]in 1552 17.46 1.125
optimal feeding 1 - g 50.4 30 ? ?
of [X]in 44.83 (7%)
o 5 146 | 1.825
Riveira et al. [P, Z]in 0 (0.125)
Tf 3h
Fig. 4
(LIWC) ; (D)
[GLC]in,0 300 115
FBR
NLP optimal FL,in,0 0.5 3,149
variable feeding, | ° o scen | (v | 723 | 150 1323 | 42 | 1324
- : 126 (best)
(this paper) (10.5)
[P,Z]o 0
Tf 25h
Fig. 4
(LIWC) ; (B)
FBR [GLC]initial 300 35
Constant, but - 313.7
NLP optimal 1 FL, initial 0.1 (175’8) 166 | 150 5 | 42 | 132
feeding, (this [XJinitial 66.31 o 1255 | (fairl -
paper) : y .
[P,Z]in 0 good)
Tf 25h
Fig. 4
(TISC); (E)
[GLC]in,
FBR initial 250 35
Constant, but . 625
NLP optimal 1 FLinitial 01 e | 76 | 100 261 | 42 | 1098
feeding, (this [XJinitial 30.38 ' 104.4 | (good
paper) ) (2.5)
[P,Z]in 0
Tf 25h
EBR Fig. 4
Constant, but 1 (TISC); (F) (?2766/5) 955.2 1%7. 423 11.0
Pareto-optimal [GLC]in, 250 ' 106 265 3.5
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feeding, (this initial (fairl
paper) . y
(tight limits) FL,initial 0.1 good)
[X]initial 38
(25)
[P,Z]in 0
Tf 25h
Footnotes:

(A) The displayed digits come from the numerical simulations.

(B) The units are: [S] = [GLC], g/L; FL, L/h; [X], (g/L); [P, [Z], (9/L), t(h).

(C) The FBR operation with a tine-constant feeding, implies that all the control variables (FL, GLC, X), to be kept constant during
the batch.

(D). The FBR optimal time step-wise variable feeding policy is obtained by imposing LIWC eq.(7) to the control variables
given in section 4.1. In this case, control variables (FLj; [GLC]linlet,j and [X]inlet,j; j =0,1,...(Ndiv -1) of eq. (3) and Table
2, follows an uneven policy to be optimized (that is 15 unknowns for Ndiv = 5). Details on the used optimization rule are
given in section 4.5. The optimal control variables policy is given in Fig. 4.

(E) The feeding policy is given by keeping constant the control variables, as displayed by eq. (2), but at their NLP optimal values.
This feeding policy is obtained by imposing TISC or LIWC constraints eq.(7) to the control variables given in sections 3 and 4.1.
(F) The feeding policy is given by keeping constant the control variables, as displayed by eq. (2), but at their Pareto-optimal values.

This feeding policy is obtained by imposing TISC constraints eq.(7) to the control variables given in sections 3 and- 4.1.

(G) Evaluated with the eq.(10).

(H) Percent yield is evaluated with the formula = (total P produced over the batch) / (total GLC consumption) x 100.
(J). The net volume increase AVL is due to the continuously added FL.

As proved in this paper, the used of an
unstructured (Monod type) but adequate kinetic
model, including the key-species of the bioprocess
allows quick engineering evaluations of the
bioreactor / bioprocess efficiency under various
operating conditions. As discussed in the Introduction
section, the use of a more complex HSMDM
dynamic model suffers of a lot of disadvantages.

The in-silico analysis of the paper proves that the
optimal operating policies of FBR are simple to be
implemented, and more effective and flexible (in
spite of a moderate small Ndiv) compared to some
semi-empirical models reported in the literature.5:-%3

Nomenclature

The engineering evaluations developed in this
paper can be further extended, for instance by
deriving a multi-objective NLP optimization of
the FBR operating policy, by accounting not
only the product (ethanol) maximization, but
also minimization of the batch time, raw-
material consumption, and other economic
objectives.

The obtained results also proved that, beside the
cell phenotype characteristics (not approached
here, see®"51%0) the FBR operation modes are the
major factors (among others) determining the
ethanol synthesis efficiency.

Cj. [i] —  Species « i » concentration
Cx —  Biomass concentration
feed : ; :
CGLC Glucose feeding solution concentration
feed . . : :
Cgl Cj Glucose feeding solution concentration over the time-arc « J »
FL —  Liquid feed flow rate in the bioreactor
m Mass
K #max,0 ’ KS '
Z.Ke, Yy, Rate constants of the kinetic model
Yps Yzs
f —  Species « i » reaction rate
t, Tf, t - Time, batch time, respectivelly

liquid volume in the bioreactor
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Greeks

M
Q

Subscripts
0,0

cell

ext

F, final

in

X

Abbreviations
13dpg, pgp
3pg
2pg
AA

Accoa, acetyl-CoA

AC
ACALD
ACON-C
ACTP
ADP, adp
AK-ase
AKG
ALE
AMP, amp
ATP, atp
ATP-gse
CCM
CIT

DO

DW

E

ETOH
ext

E4P

FBR
FDP. fdp
F6P, fop
FUM
GalP/Glk
G3P, g3p, GAP,
gap. 3PG, 3pg
2PG, 2pg
G6P, gbp
GLC, gle
Gle(ex), [GLClext
GLN
GLU
GMO
GRC
HK-ase
ICIT
TWS
LAC, lac
MACR
MAL
Max (x)
MMA

MRNA

NAD(P)H
NLP

Rate constant

FBR optimization objective function, eq. (5)

Initial

Referring to the (inside) cell
External to cell (i.e. in the bulk phase)

Final

In the feed (inlet)

Biomass

1.3-diphosphoglycerate

3-phosphoglycerate
2-phosphoglycerate
Amino-acids

Acetyl-coenzyme A

Acetate
Acetaldehyde
Aconitate
Acetate permease

Adenosin-diphosphate

Adenylate kinase
Alfa-ketoglutarate

Adaptive laboratory evolution
Adenosin-monophosphate
Adenosin-triphosphate

ATP monophosphatase
Central carbon metabolism

Citrate
Dissolved oxygen
Dry mass

Enzyme anthranilate synthase in the TRP synthesis model.

Ethanol

External to the cell (i.e. in the bulk phase)
Erythrose 4-phosphate

Fed-batch bioreactor
Fructose-1,6-biphosphate
Fructose-6-phosphate

Fumarate

Galactose permease/glucokinase

Glyceraldehyde-3-phosphate

2-phosphoglycerate

Glucose-6-phosphate

Glucose

Glucose in the environment (bulk phase)

Glutamine
Glutamate

Genetic modified micro-organisms
Genetic regulatory circuits

Hexokinase
Isocitrate

Silicon Cell project of Olivier and Snoep®!

Lactate

Mechanically agitated continuously aerated reactor

Malate
Maxim of (x)

The adaptive random optimization algorithm of Maria®®

Tryptophan messenger ribonucleic acid during its encoding gene
dynamic transeription, and translation

Nicotinamide adenine dinucleotide (phosphate) reduced

Nonlinear programming
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0OAA Oxaloacetate

ODE Ordimary differential equations set

OR The complex between O and R (aporepressor of the TRP gene)

oT The total TRP operon
P. Pi Phosphoric acid
PEP, pep Phosphoenolpyruvate

13DPG=PGP 1,3-diphosphoglycerate
PFK-ase Phosphofructokinase
PK-ase Pyruvate kinase
PTS Phosphotransferase, or  the  phosphoenolpyruvate:glucose

phosphotransferase system
PYR, pyr Pyruvate
QSS Quasi-steady-state
Q8 Ubiquinone-8
Q8H2 Ubiquinol-8
R5P Ribose 5-phosphate
RUSP Ribulose S-phosphate
mRNA MRNA Messenger 1"1bonuc1§-ic acid; t_1y}_)topha11 mRNA _duriug its encoding
' gene dynamic transcription, and translation

SUCC, suc Succinate

SUCCOA Succinyl-CoA

S7P Sedoheptulose 7-phosphate
TCA, tca Tricarboxylic acid cycle
TF Gene expression transcription factors
TRP, Trp, trp Tryptophan
XUsP Xylulose 5-phosphate
X Biomass
Wit. Weight

[-] Concentration
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