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Abstract

The optimization of bioprocesses frequently involves highly nonlinear dynamic models that challenge
derivative-based methods. In this study, a kinetic model of xylose fermentation for xylitol production was
optimized with a hierarchical genetic-algorithm (GA) framework. First, a secondary GA minimized an
economic objective function that penalized residual substrate and rewarded product formation; the Runge
Kutta Fehlberg (RKF45) scheme solved the model under a constant local-error tolerance. Subsequently,
a primary GA tuned the secondary GA’s population size and crossover fraction. The secondary GA alone
revealed a “stability valley” at crossover fractions: 0.60 < ¢f < 0.90, where convergence proved steady
and standard deviations remained low. Benchmarks with the two-dimensional Ackley function confirmed
that solution surface ruggedness, rather than dimensionality, governed GA performance. The hierarchical
approach identified an optimal configuration: ¢f/= 0.53 and population = 260, which lay outside the stability
valley and elevated the objective function by 3.1 % relative to the best value within the valley (0.6 <
¢f < 0.9). No modifications were introduced to the kinetic model or to the economic criterion; the gain
therefore arose exclusively from metaparameter tuning. However, computation time increased, indicating
that hybrid strategies, such as variable-fidelity models or adaptive-mutation schemes, may be required for
larger systems. Even so, the demonstrated improvement translates into meaningful economic benefits and
underscores the value of systematic GA meta-optimization for industrial bioprocesses. The results provide
areproducible benchmark and a foundation for extending this framework to more complex models, hybrid
metaheuristics, and machine-learning-guided parameter adjustment.
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Resumen

La optimizacion de bioprocesos frecuentemente implica modelos dindmicos no lineales que desafian
los métodos basados en derivadas. En este estudio, se optimizé un modelo cinético para producir xilitol,
mediante un esquema jerarquico de algoritmos genéticos (GA). Primero, un GA secundario minimiz6 una
funcion objetivo econdmica. Posteriormente, un GA primario ajusté el tamaiio de poblacion y la fraccion
de entrecruzamiento del GA secundario. El GA secundario reveld un “valle de estabilidad” en el intervalo
de fraccion de entrecruzamiento: 0.60 < ¢f'< 0.90, donde la convergencia fue estable y las desviaciones
estandar se mantuvieron bajas. Las pruebas con la funcion de Ackley confirmaron que la rugosidad de la
superficie de solucion rige el desempefio del GA. El enfoque jerarquico identificé una configuracion 6ptima:
¢f=0.53 y poblacion = 260, fuera del valle, que incremento la funcion objetivo en un 3.1 % respecto al
mejor valor dentro del valle. No se introdujeron modificaciones al modelo cinético ni al criterio econémico,
la ganancia se atribuye exclusivamente a la sintonizacion de los metaparametros. Sin embargo, el tiempo
de computo se incremento, por tanto, sistemas de mayor tamafio podrian requerir estrategias hibridas,
como modelos de fidelidad variable o esquemas de mutacion adaptativa. Aun asi, la mejora demostrada
se traduce en beneficios econémicos significativos y subraya el valor de la metaoptimizacion sistematica
de los GA para bioprocesos industriales. Los resultados proporcionan un referente reproducible y una
base para extender este marco a modelos mas complejos, metaheuristicas hibridas y ajustes de parametros
guiados por aprendizaje automatico.
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NOMENCLATURE

Ay Cross-sectional area of the reactor (m2).

Coo Oxygen concentration in the gas phase
(g/L).

Coz Dissolved oxygen concentration (g/L).

Cr Product concentration (g/L).

Cs Substrate concentration (g/L).

Cx Cell concentration (g/L).

d Dependent or predetermined state
variables.

e Estimated error between fourth and
fifth-order solutions.

F Feed flow (L/h).

f Function.

GA Genetic algorithm.

g Design variable vector.

it Initial step size.

Koy Equilibrium constant.

K a Volumetric oxygen transfer coefficient
(be1).

ki, ko, ks, ka, ks, ke Slopes used in the RKF45 method.

N Agitation speed (rpm).

Ncp Critical agitation speed (rpm).

OF(x, d) Objective function.

Options_primary Options for the primary GA function.

Options_secondary
p

Options for the secondary GA function.
Constant parameters affecting the

system.
T Temperature (°C).
t Time (h).
to Initial time (h).
tinal Final time (h).
tol Error control tolerance.
U, Superficial gas velocity (m/s).
14 Reactor volume (L).
vvm Average volumetric velocity (h-1).
X State vector of the system.
Xo Initial value of the state vector x.
X4, X5 Fourth and fifth-order solutions,
respectively.
Yoss Product yield per substrate (g/g).
Yxs Biomass yield per substrate (g/g).
0 Additional production parameters.
u Specific growth rate (h-1).
Vg Volumetric gas flow (L/h).

I.  INTRODUCTION

Many processes in the field of engineering involve complex

phenomena that are represented by systems of equations of the
form dx/dt = f{t, x; p, d), where x is the state vector of the system,
d are variables that can be functions of x or be predetermined,
t is the time coordinate and p are parameters. The performance

of the system is measured by an objective function OF(x, d)
[1]. To achieve the best possible performance, OF(x, d) must
be optimized (maximized or minimized) by changing the vector
of decision variables (g). In our notation, g  d collects those
exogenous inputs the optimizer is allowed to change. A variety
of methods are applied to carry out this optimization, which
can be broadly classified into gradient-based and gradient-free
(derivative-free) methods [2], [3]. One of the main advantages of
the latter is that they do not require evaluating derivatives, whereas
gradient methods do. Metaheuristic methods, in general, can be
classified into evolutionary algorithms, swarm intelligence-based
algorithms, physics-based algorithms, human-related algorithms,
and hybrid metaheuristic algorithms [4]. Evolutionary algorithms,
and specifically genetic algorithms (GAs), have proven to be
particularly suitable for solving certain engineering problems
[5], which has made them an active line of research in the field
of optimization.

GAs emulate the principles of natural selection. They were
introduced in 1970 by John Holland [6]. Their exploration of the
solution space begins with a population of candidate solutions,
which are ranked based on their suitability according to the
objective function. Successive generations of solutions are then
produced, each of which is more fit in terms of its ability to optimize
the objective function. Less fit solutions are disfavored (they
have a lower probability of contributing to future generations).
The process concludes when certain criteria suggest that no
significant improvement is being made between generations [7].
This algorithmic structure allows GAs to be versatile and robust,
which is why they have been used to solve a variety of engineering
problems, such as design problems [8], reactor synthesis and
process optimization [9], bioprocess optimization [10], supply
chain networks [11], among others. However, the versatility of
GAs comes with a computational cost. Therefore, algorithms
have been developed to reduce this cost, such as the use of low-
fidelity models [12], coupled optimizers [ 13], dynamic mutation
rates [14], or more general concepts like hybrid models [15].

On the other hand, GAs are particularly suitable for problems
with many nonlinear degrees of freedom. For example, the study
of heat exchanger networks [16] or the synthesis and optimization
of chemical reactors [17]. Also, the design of materials [18] or
bioprocesses, where they have been used to optimize fermentation
processes [19], [20] and enhance the production of antimicrobial
peptides and other bioproducts by optimizing cultivation conditions
and selecting microbial strains [21], among other uses. A case of
particular interest is model-assisted biofuel production [22], which
illustrates the value of model-based approaches. These frameworks
exploit mechanistic (first-principles) or hybrid dynamic models as
oracles to evaluate objectives and constraints, typically through time-
domain simulations. Although GAs are not included in this paper [22]
its approach requires algorithms for solving the models presented,
and given the nature of these models, GAs appear promising.

For the proper application of GAs through model-based
approaches, it is necessary to develop these models; in this case,
GAs can be used to optimize kinetic models, which in turn provide
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optimal feeding strategies, set-points, or dynamic profiles. This
has been applied in various fields, such as the chemical [23], [24]
or biomedical industries [25]. In the field of bioprocesses, kinetic
models (together with hydrodynamic models) are becoming
increasingly important due to their global growth, which is also
driving an increase in their scale [26].

The aim of this article is to examine the application of GAs
in the optimization of bioprocesses, with a specific focus on a
particular bioprocess model as a case study, capitalizing on the
ability of GAs to handle problems with multiple degrees of freedom
and complex nonlinearities. This approach seeks to demonstrate
the effectiveness and versatility of GAs in the bioprocess field,
providing a solid foundation for their implementation in industrial
applications and their potential to tackle current challenges in
large-scale bioproduct production. Furthermore, the behavior of
genetic algorithms in bioprocess is analyzed and compared to a
model function, such as the Ackley function, to assess whether
there are significant differences in their behavior and to establish
a framework for applying genetic algorithms to these types of
systems. We hypothesize that hyperparameter tuning via a primary
GA (crossover fraction and population size) can outperform a
direct GA. This hypothesis is first tested on a two-dimensional
benchmark with known properties (Ackley) and then on the
bioprocess model, thereby isolating surface ruggedness effects
from system dimensionality.

II. CASE OF STUDY

As a case study, a model for xylose fermentation aimed at
producing xylitol will be used [27]. This model was modified to
allow for semi-continuous operation and the estimation of gas
retention [28], among other adaptations not present in the original
study. The model dx/dt = f{d; x; p) is presented in (1) to (6).
Additionally, (7) to (14) present the algebraic equations required to
complete the vector d = (U, vwm, vy, K, a, 6, 11, €)". In this case, the
state vector is defined as x ())=(V(1), C (), Cs(®), Cp(®), Cox(0), Cgoz(z))T.

L=F M
% = uC, - %CX @
= =r(c, —c)- - o d 3)
% =P +6— %CP 4)
ac

Coz F
Toz = KLa(Kequ,OZ - Coz) - Yozcx( K,,+Co, + T(COZf - Coz) ®)

iffco_z = _:g_(cg,()zin - Cg,oz) - KLa(KeqC,q,oz - Coz) ©
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v -2 (7
Vg
vrm = Tooov ®
v = 60xXVxvvm ©
g
1.342
) 093( w 70415
KLa = 5724Ug (Ncn) (T) (1o
K
_ 8§
6= SOCX K+Cg (ll)
Cs K(zn,l’ COZ ’ (12)
P = ACX( CS+K1.,p ) Kz P+C§ 1- ( K(,,,UZ )
Cs Kins Cor
H= umal( CS+Ku,s )( Km.s+cs )( Coz+Khv02 ) (13)
N 062 0.64
€ = 0.104(— vvm (9

Fig. 1 shows a schematic representation of the bioreactor
operating in semicontinuous mode. Initially, the bioreactor starts
with x=(¥;,Cx ,Cs0Cry -C00,Ce00)"- During operation, a feed
stream F of substrate with concentration Cy, is supplied.

_ Cgo2
F, Cs ( )
Feed
Cp,Cs CX, v

b © >0

SRCIOIOR

\ =/

Vg
Gas Flow

Fig. 1. Schematic diagram of the bioreactor under semi-continuous
operation. In batch mode, F=0.

III. METHODOLOGY

We cast the study as a bilevel optimization. The primary
(outer) problem tunes the genetic algorithm’s hyperparameters
(crossover fraction cf'e (0,1) and population size S € N) to improve
the performance attained by a secondary (inner) GA that solves
the domain problem.

First, the Ackley function (benchmark, inner problem) is
given in (15).

miniif, o (@, withz = (6y), f, . asin(28) (15)
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Second, the bioprocess (inner problem) is presented in (16).

min

DeQ OF(D)s.t. x= f(t,x;p,d), x(to) = x,(D) (16)

In (16) D = [t500 >Cx0:5,C: Sf,F]T are the decision variables
and d collects exogenous inputs and algebraic quantities, while
OF is defined in (19).

Third, the primary (outer) problem, in both cases, is
formulated in (17).

min
cf,s P(cf,S) = ] ((inner problem; cf,5) ) (17)

In (17) GA(:;cf,S)denotes the result returned by a GA
configured with crossover fraction ¢f and population size S, and
J(*)is the performance metric (for Ackley, the attained value of
Jackiey> fOr the bioprocess, the attained OF). Fig. 2 provides a
schematic overview of the methodology described above.

Best
Score

Primary
(outer) GA

OF
Secondary
(cf. S (inner) GA
Kinetic
x) model

Fig. 2. Bilevel GA framework: primary GA optimizing a secondary GA
coupled with a kinetic model.

The optimization is carried out using the ga function from
MATLAB [29], which is given in (18).

[A] = galff, Bl (18)

In (18) A is the result matrix returned by the function,
ff is the fitness function, and B is the input matrix specifying
the required details for ga to operate in the desired manner.
For all the cases studied, the mutation function used is
(@mutationadaptfeasible and the default function is applied
for crossover. Although implemented in MATLAB [29], the
optimization algorithms are presented as a language-independent
hierarchical GA framework.

As the objective function for the kinetic model (OF), the
following is used in this analysis:

_ RCPV—(SOVU+CS[Ft[)YPS (19)
tf

where

R = $/kg producto
= $/kg sustrato

This objective function compares product equivalents
adjusted by price with product equivalents adjusted by yield.
Additionally, it is divided by the reaction time to convert it into
a production rate.

To solve the model dx/dt = f{t, x, p, d), an explicit RKF45
integrator was implemented to enforce a uniform local-error
tolerance across all experiments, ensuring fair wall-time
comparisons and language-independent reproducibility. Unlike
black-box solvers (e.g., MATLAB’s ode45), the step-accept/reject
policy and the step-size update are fully specified, which prevents
version-dependent behavior and facilitates re-use in Python or R
with identical numerical policies. The RKF45 method is based
on the following equations to calculate the slopes &;: (20) to (25),
the fourth-order (x,) and fifth-order (x;) solutions: (26) and (27),
and the error e:(28)[30].

k= hf(t,x,) (20)
k. =h (t +=h +ik)

2 f n T X, TR 21

_ 3 ENTNEE 2

ky = hf(t, + Shox, + -2k, + k)| (22)

12 1932 7200 7296 ,
k, = hf(tn +ALpy L2y T, T2 u3) (23)
439 3680 845
k= hf(tn +hox o+ A2 gk + 28 B k4) (24)

1 8 3544 1859 11
k= hf(tn +hhx Sk 42k - S 4 280 Wk5) (25)

25 1408 2197 1

Xy =%, * 216 k1 * 565 k3 4104 k4 5 ks (26)
_ 16 , 6656 ; 28561, 9 2

X =%, * 133 ™ 12825 "3 * <6430 ) ks + 355 k6 (27)

e = ”xs - x4”°o (28)

The RKF45 method calculation algorithm is described in
Algorithm 1.
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Algorithm 1. Implementation Structure of the RKF45 Method [30]
Input: £, x, t, tfinal, tol, hinitial
Output: 7, X
Initialize (¢, x, ) < (to, Xow)> Pinisial)
Initialize T & [t], X ¢ [x7]
while 7 < t5,, do
Compute &, ks, ks, k4, ks, ks (equations (20) a (25))
Compute x4 y x5 (equations (26) y (27))
Estimate the error e = |lxs — X4ll, (equation (28))
if e < tol then
Acept the step: ¢ ¢t + h, x ¢ x5
Store the results: T« [T:£], X «- [X;xT)
Adjust the step: & < h - min(4,max(0.1,0.8(tol/e)'/ ?))

else
Reduce the step: & < h - max(0.1,0.8(tol/e)"/ %)
end if
ift+h>t,, then
h = tﬁnal -t
end if
end while
RETURN 7, X

The implementation of the GA is detailed in Algorithm  to facilitate the execution flow. Additionally, Algorithm 2 outlines
2. In this algorithm, the kinetic model is housed in a vector of  how to optimize the crossover fraction and population size by
anonymous functions, and the functions are processed in wrappers using another genetic algorithm, also through the ga function.

Algorithm 2. Computational Structure for Optimization
Input:
params < [A, delta,, Kaeia, Koz, Keq, Kind, Kins, Kinp, Kino2, Kiia, Kiir, Kiis, Kiioz2, Ncb,
Yoz, Yps, Yxs, umax, Vo, F, Cs, TD, N, Coz, So, Ve, T, Ay, D, Ce02i1] // Constants required by the
kinetic model
X0 < [Vo, Cxo, Cso, Cpo, Co20, Cgo20] //Initial conditions
to, tiinal, tol, h_initial
Output:
xx [CrosoverFraction, Population]

Xoptimal

//Kinetic model of the system defined using anonymous functions

x [V, Cx, Cs, Cp, Ce02] //State variables

dxdtl «- @(¢, x, x_algebraic) F;

dxdt2 «- @(¢, x, x_algebraic) x_algebraic(7)*x(2) + F/x(1)*x(2);

dxdt3 « @(t, x, x_algebraic) F/x(1)*(CSf- x(3)) - (1/YXS)*dxdt2(t, x, x_algebraic)...
-(1/YPS)*x_algebraic(6);

dxdtd < @(t, x, x_algebraic) x_algebraic(6) + x_algebraic(5) - F/x(1)*x(4);

dxdt5 « @(t, x, x_algebraic) x_algebraic(4) *(Keq*x(6) - x(3)) - YO2*x(2)*...
(x(5)/(Koz+x(5)) +...F/x(1)*(Cozxx(4)));

dxdt6 «- @(¢, x, x_algebraic) x_algebraic(3)/(x_algebraic(8)*x(1))*(CgO2in - x(6)) -
x_algebraic(4)*(Keq*x(6) - x(5));

dxdt < [dxdti, dxdt2, dxdt3, dxdt4, dxdts, dxdt6] // System of equations vector

foreach (Pcf):
a. Configure Inner GA with population P and crossover fraction cf.
b. Inner GA minimizes OF (x) by repeatedly:
— proposing x, integrating f with RKF45 at fixed tolerance
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— evaluating FO from terminal values using equation (16).

c. Record the best inner-GA score.
Selection/Recombination/Mutation on (Pc¢f) until outer-GA termination.
RETURN the best ((Bc¢f)and the corresponding x from the inner GA.

FUNCTION [FO] RKF45_SystemL(x, fdxdt, fxo, fto, ftina, ftol, fh_initial, fpo)
Xx_algebraic = AlgebraicEquations(x, p);
for i=1 to number of state variables
Execute Algorithm 1 for each equation of the model
end
FO = -2*X(length(X),4) *X(length(X), 1)-(params(3) *x(1)...
+params(4)*params(5) *tfinal) *p0(16))/tfinal; // Use the tfinal values to compute the
objective function (FO)
RETURN FO
END FUNCTION
FUNCTION Algebraic_equations (x, params)
eq < [eqi, eqitl... eqitN]
eq < @(x, params) feq /|/ Algebraic equations
RETURN x_algebraic

END FUNCTION
To carry out comparative optimization tests, the two- In this case study, the state variables are x =(V/Cy, Cs,Cp, Co,
dimensional Ackley function is used, as given in (29), whose ,C,,). The inputs/decision variables explored by the GA include

graph for a range from -5 to +5 on both coordinates is shown in inoculum (Cy,), initial substrate (Cs,), substrate feed (Csy), flow
Fig. 3. This function is used because it has a large number of local ~ rate (F), agitation (), and reaction time ().
minima and a known global minimum of 0 at the coordinates (0, 0).

f(x, y) =20+ e — 2060-2"\ ’O.SE(szryz) _ eO.S(cos(an)+cas(2ny)) (29)

Ce Cp/ g/L

f(x, y)

t/h

Fig. 4. Behavior of the kinetic model. The continued increase in biomass
concentration even after the substrate has been depleted is a consequence
of the modified mass balance that includes biomass feed.

Furthermore, Fig. 5 presents the behavior of the mean
objective function (OF) value for the kinetic model, as well as
the Ackley function value after optimization. It is important to note
that the GA performs minimization; therefore, the OF is equal to
the negative of the mean fitness. Additionally, the global optimum
IV. RESULTS of the Ackley function is zero, meaning that the objective function

in this case is directly the Ackley function. For the kinetic model,

First, the proper behavior of the model is verified, as presented ~ error bars are also shown, representing the standard deviation of
in Fig. 4. This behavior is characteristic of kinetic models for  the population of individuals for the OF. The simulations were
bioprocesses, as it shows a gradual reduction in substrate while ~ performed using crossover fraction values within the range:
biomass increases, followed by the product formation. 0< crossover fraction <1.

Fig. 3. Visualization of the Ackley function used to compare with
the kinetic model on the performance of the genetic algorithm.
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Fig. 5. Behavior of the mean fitness value for the kinetic model and the

Ackley function as the crossover fraction varies, while keeping the pop-

ulation constant at 200. Dashed lines indicate the interpolated values of
sampled crossover fractions for visualization purposes only.

In addition, Fig. 6 illustrates the behavior of the best fitness
value across generations for a population size of 200. Each data
series corresponds to a crossover fraction within the range of 0 to
1. The data series in group A represent crossover fractions between
0.6 and 0.9. Group B consists of crossover fractions less than or
equal to 0.6, while group C includes crossover fractions greater
than 0.9. These results align with expected behavior. In group
C, convergence occurs rapidly since each generation is largely
composed of the best individuals from the previous one. However,
this leads to the disadvantage of reaching local optima. In group
B, convergence is also fast, but the optima obtained appear to
be closer to the global optimum, making this the most suitable
working range. Finally, in group A, mutation plays a dominant
role, resulting in slower convergence, but also leading to optima
that seem to approach the global solution.

Fitness Value

0 20 40 60 80 100 120 140
Generation

Fig. 6. Behavior of the best fitness value across generations for a population
size of 200, using crossover fraction (cf) values between 0 and 1.
The data series correspond approximately to the following ranges:
A: 0.6<cf<0.9; B: 0=cf<0.6; C: 0.9<cf<1.

On the other hand, Fig. 7 illustrates the standard deviation of
the objective function final populations(scores) for each crossover
fraction value. As expected, the standard deviation, which

represents the average difference between individuals within the
same generation, decreases as the crossover fraction increases.
This behavior is explained by the fact that lower crossover rates
allow for higher mutation rates, leading to greater diversity within
the population.
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5 007 |
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n Y
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Crossover fraction

Fig. 7. Standard deviation of scores (-OF value) for the population of
the last generation as a function of the crossover fraction.

V. DISCUSSION

In this study, the optimization of the kinetic model for the
xylose fermentation process aimed at xylitol production was
analyzed in detail. The results demonstrate that the convergence of
the genetic algorithm (GA) is critically dependent on the crossover
fraction. It was observed that, within the range (0.6 <¢f<0.9), an
adequate balance is achieved between exploration of the search
space and exploitation of the most promising solutions. The
standard deviation of the population (Fig. 5) in this range remains
relatively constant, decreases at higher crossover fractions due to
rapid convergence, and increases at lower crossover fractions as
aresult of the effect of mutation. This behavior is consistent with
the literature [5], [9], in which it has been reported that moderate
crossover rates tend to prevent premature convergence to local
optima. This interval of balanced convergence is known as the
stability valley.

On the other hand, crossover fraction values within the
intervals 0 <¢f<0.6 and 0.9 < ¢f< 1.0 (as shown in the populations
of Fig. 4) exhibited faster convergence, although with a greater
susceptibility to becoming trapped in local optima. When these
findings were compared with the behavior of the Ackley function
(Fig. 3 and Fig. 5), the robustness of GAs in addressing problems
with highly complex solution landscapes was confirmed, an
aspect particularly relevant in bioprocesses, where models are
typically intricate [4], [7]. Moreover, although the comparison
with the Ackley function was restricted to two dimensions, the
convergence pattern closely resembled that of the kinetic model.
This suggests that the irregular topography of the search space,
rather than dimensionality alone, governs the GA's performance.
Therefore, it is proposed that the conclusions drawn from this
study may be transferable to other bioprocesses. However, this
assumption warrants further investigation.
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In order to further investigate the GA’s sensitivity to
its crossover fraction values, a primary GA was employed to
optimize the parameters (population size and crossover fraction)
of the secondary GA (responsible for the direct resolution of
the kinetic model). This strategy identified a crossover fraction
configuration of approximately 0.53 outside the stability valley,
which increased the objective function by about 3.1 % compared
to the best value observed within the valley. This improvement
was achieved without introducing any modifications to the kinetic
model or altering the economic criterion that penalizes substrate
consumption and rewards xylitol production; therefore, the
increase is entirely attributable to the tuning of the evolutionary
heuristic. This demonstrates that the systematic exploration
of the secondary model’s metaparameter space can surpass
usual empirical recommendations and yield tangible economic
benefits.

The benefits, however, come at a cost. Let Pin,Gin be the inner
GA population and number of generations, and Pout, Gout their outer
counterparts. Let Cevat denote the cost of a single fitness evaluation,
dominated here by integrating the ODE system with RKF45 at a
constant error tolerance. If Nswps is the (adaptive) number of steps and
c¢f the cost of one right-hand-side evaluation, then Ceva=O(Nsteps* c7).
The direct (single-level) cost scales as O(PinGinCevat). The bilevel
cost scales as O (PoutGout (PinGinCeval)), which explains the multiple-
fold increase observed in practice and motivates hybrid strategies
(e.g., variable-fidelity models [12] or adaptive mutations [14])
to reduce the number of objective evaluations in large systems.
Therefore, the acceptability of this additional cost must be
carefully assessed.

Regarding the optimum found, whose simulation is shown in
Fig. 8, it is notable that the value of S, was set by the optimization
at its lower bound, while tfinal reached its upper bound. This
outcome can be explained by the fact that the objective function
prioritizes efficient substrate utilization; consequently, the
optimization tends to minimize the initial substrate and supply
substrate exclusively through feeding.

In other words, the optimal policy drives S to its lower bound
and extends #;,,,, consistent with (19), penalizing residual substrate:
feed-only strategies minimize wastage while enabling product
formation via P and 6 ((11) and (12)). Productivity is governed less
by a large initial charge and more by sustained, moderate substrate
availability. Because the objective penalizes residual substrate,
the combination of low S, with controlled feeding minimizes
wastage and aligns with the model’s production structure (growth-
associated plus non-growth-associated terms). This yields an early
growth-dominant phase followed by a substrate-limited phase
in which dCp/d¢ declines as Cs approaches depletion. Under the
biomass-feed modification of the mass balance, Cy can continue
to increase despite Cs = 0 because the positive inflow term offsets
dilution, clarifying the trajectories observed.

These patterns imply practical guidelines: schedule feed
trajectories to keep Cs within the productive window, tune
(F,Cy) to balance dilution against reaction rates, and choose
tfinal at the point of diminishing marginal product (slope of Cp).

Alternative objective functions could be used to evaluate other
scenarios, in which additional factors are considered or specific
goals are pursued.

Future research could focus on the application of GAs
to more complex bioprocess models, including variability in
operating conditions and the integration of experimental data.
Additionally, the implementation of hybrid approaches, combining
GAs with other optimization methods, could be explored, as
this may provide further benefits in terms of efficiency and
accuracy. This is particularly relevant given that one of the main
limitations of using a primary GA to optimize the parameters of
the secondary optimization is its high computational cost. Finally,
the exploration of machine learning techniques to dynamically
adjust GA parameters during optimization could represent an
interesting research avenue to further improve the performance
of genetic algorithms in bioprocess optimization.
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Fig. 8. Time evolution of substrate, biomass, and product concentrations
under optimal genetic algorithm parameters for xylose fermentation
(tina1=200, Cxo=1, So=10, Csr=0.005, F = 0.0011, N=164). The observed
discontinuity arises due to the feeding process when the substrate is depleted.

VI. CONCLUSION

This study has demonstrated the effectiveness of genetic
algorithms (GAs) in the optimization of bioprocesses, using as
a case study a xylose fermentation model for xylitol production.
By applying a primary genetic algorithm to fine-tune the
metaparameters of the secondary algorithm, a 3.1 % increase in
the objective function (OF) value was achieved compared to the
best value obtained within the stability valley (0.6 < ¢f < 0.9),
with an optimal crossover fraction of 0.53, outside this range.
The results indicate that GAs can effectively handle complex
and nonlinear systems, offering a robust tool to enhance the
performance of bioprocesses.

From a practical perspective, the findings of this study
have important implications for the biotechnology industry.
The ability of GAs to optimize complex bioprocesses could
translate into improvements in the efficiency and profitability of
bioproduct manufacturing. Theoretically, this study contributes
to the understanding of how GAs can be configured to maximize
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their performance in the optimization of nonlinear dynamic
systems. The implementation of the RKF45 method for solving
the kinetic model ensures unbiased comparisons between different
algorithm configurations, as a constant error is maintained.
The research presented here provides a solid foundation for
future applications of GAs in other bioprocesses and in process
engineering in general. Hybrid approaches and the integration
of machine learning techniques are promising areas for further
enhancing GA performance.

The simulations indicated that reducing the initial substrate
and extending the process time maximize conversion, a result
consistent with the penalty imposed on residual substrate in the
objective function. In this way, critical variables were identified,
such as the feed rate, the initial substrate concentration, and
the fermentation duration—factors that must be considered for
scale-up to industrial applications. Furthermore, the comparison
with the Ackley function revealed similar convergence trajectories
despite the lower dimensionality of that benchmark, suggesting
that the ruggedness of the search surface, rather than model
dimensionality, governs GA performance. This finding supports
the extrapolation of these guidelines to other bioprocesses with
complex topographies.

In summary, this study has demonstrated the effectiveness
of GAs in the optimization of bioprocesses, highlighting their
potential to improve efficiency and profitability in bioproduct
manufacturing. The results obtained provide a solid foundation
for future research and applications in the biotechnology industry
and in process engineering.
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