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Mathematical models that represent food processing operations are characterized by the nonlinearity of their dynamic behavior
with possible discrete events, the existence of several variables of interest that are usually distributed in space, and the presence of
nonlinear constraints. Tese features require robust optimization methods to resolve these models and to identify the optimum
operating conditions of the processes. Stochastic optimization methods, often referred as metaheuristics, are efective and reliable
tools to perform the global and multiobjective optimization of process units and operations involved in food engineering. In this
way, this paper surveys recent advances and contributions that have applied stochastic methods for solving global and mul-
tiobjective optimization problems in food engineering.Te description of the most used stochastic algorithms in food engineering
is provided including the application of those methods classifed as random search techniques, evolutionary methods, and swarm
intelligence methods. It was observed that evolutionary methods are the most applied in solving food engineering optimization
problems where the genetic algorithm and diferential evolution stand out. Finally, remarks on the limitations and current
challenges to improving the numerical performance of stochastic optimization methods for food engineering applications are also
discussed.

1. Introduction

In process modeling, the simulation, design, control,
equipment sizing, and maintenance of any engineering
system usually imply the resolution of multivariable and
nonlinear mathematical problems. Te engineers must
address these problems to make technological and man-
agerial decisions either to minimize the inputs required
and/or to maximize the desired benefts and target char-
acteristics for the process at hand [1]. From a specifc set of
alternatives, the decision choice that provides the best
solution under a specifc operating scenario is defned as
optimization. Several optimization methods can be easily
applied and adapted to handle the mathematical problems
related to the food processing operations, provided that the
changes during a process can be predicted
mathematically [2].

In an optimization procedure, the goal is to maximize or
minimize a predefned criterion, such as product quality,
profts, energy, or any process attribute/metric. Tis crite-
rion is expressed as a mathematical function of certain
decision variables, known as the objective function [1, 3].
Te decision variables, that can be continuous and/or dis-
continuous, are those controlled and used by the optimi-
zation method to specify the alternatives for the system
under analysis [2]. Te viable solutions to the optimization
problem can be restricted to satisfy a set of requirements,
called constraints (e.g., safety requirements, environmental
criteria, and performance limitations). Terefore, the opti-
mization procedure consists of identify a specifc set of
values of the decision variables representing the system’s
degrees of freedom that either maximizes or minimizes
a predefned objective function while adhering to all
established constrains [3].
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Formally, an optimization problem with a single target
criterion, whether global or local, can be expressed as
follows:

Find X � x1, x2, . . . , xn  that optimizes (i.e., minimizes
or maximizes) f(X) subject to the constraints

XL <X<XU,

gj(X)≤ 0; j � 1, 2, . . . , m,

lj(X) � 0; j � 1, 2, . . . , p,

(1)

where X is an n-dimensional vector named design vector, XL

and XU are its lower and upper bounds, f(X) represents the
objective function, gj(X) and Ij(X) are the inequality and
equality constraints, respectively, and m and p are the
corresponding numbers of these constraints [1].

Certain engineering processes may require more than
one criterion to be optimized simultaneously. In this case,
the optimization problem has multiple objective functions
fj that are usually in confict [1]. Tis multiobjective op-
timization can be stated as follows.

Find X � x1, x2, . . . , xn  that optimizes simultaneously
(i.e., minimizes and/or maximizes) f1(X), f2(X),

. . . , fk(X) subject to the constraints

XL <X<XU,

gj(X)≤ 0; j � 1, 2, . . . , m,

lj(X) � 0; j � 1, 2, . . . , p.

(2)

Awide number of design and decision-making problems
of food engineering can be formulated as single or multi-
objective optimization problems. Tey include a wide
spectrum of objective functions, decision variables, and
constraints.

Concerning the solution of the objective function, an
optimization problem can have just a single optimum (i.e.,
a minimum or maximum depending on if a minimization or
maximization is conducted, respectively) or multiple optima.
In this last case, one of the solutions is the global optimum
and the others are local optima. Te global optimum is the
best solution to the optimization problem whereas the local
optimum would have a better objective function value than
those of the points in its neighborhood but worse than the
global optimum [4].Terefore, global optimization deals with
the aim to fnd the best global solution to problems with
nonconvex objective functions (i.e., that have multiple op-
tima), which is known as the multimodal optimization
problem [3]. Te methods proposed for the resolution of
global optimization problems can be divided into two main
groups: deterministic and stochastic techniques [4].

Deterministic global optimizers guarantee fnding the
global optimum solution within a specifed tolerance based
on the mathematical properties of the defned objective
function. Although they can search for the solution in
a systematic predefned way, they require some assumption
for their success like the objective function continuity [3–5].

Stochastic global optimization (SGO) techniques, also
called probabilistic, use randomness during the iterative
generation of new vectors of decision variables in the search

for the global optimum in contrast with deterministic op-
timization approaches [3, 4]. Tis means that SGO tech-
niques theoretically need infnite iterations to guarantee the
convergence to the global optimum, but they can often
converge to an acceptable solution within a reasonable
computer time [4]. Te greatest advantage of stochastic
optimization approaches is that they do not require any
prior knowledge or assumption regarding the mathematical
structure of objective function proposed. Consequently, they
can efectively solve problems with diferent complexities
[3, 4]. SGO techniques have also other attractive features.
Tey are simple to understand and implement in computer
programs, they can be adapted for multiobjective optimi-
zation problems, they can handle both continuous and
discontinuous decision variables, and they are robust for
highly nonlinear problems even with a large number of
variables [4].

Due to the inherent complexity of food processing,
characterized by nonlinear dynamics, discrete events,
multiple interacting variables, and a mix of continuous and
discontinuous constraints, robust, and efcient optimization
techniques are essential for food engineering. Although
deterministic global methods may encounter challenges,
stochastic approaches show promise by accelerating the
optimization process and accommodating the inherent
variability in food engineering problems. By addressing
these challenges, it will be progressively possible to simplify
optimization problems, leading to reduced operational
workload and improved industry processes.

Tis review provides a survey of stochastic methods
widely applied in food engineering problems. A brief de-
scription of diferent stochastic optimizers is presented,
highlighting their capabilities and limitations in addressing
challenging food engineering optimization problems. Dif-
ferent applications of these methods are described, and the
performance of the algorithms is also discussed and
analyzed.

2. Stochastic Global Optimization (SGO)
Methods in Food Engineering

Te vast number of stochastic optimization algorithms
makes a universally accepted classifcation system elusive
[6]. Tis review adopts Rangaiah’s [4] proposed division,
which categorizes SGO methods into the following four
groups: random search techniques, evolutionary methods,
swarm intelligence methods, and others. Table 1 summarizes
the SGO algorithms applied in food engineering based on
this classifcation.

Random search techniques include the following algo-
rithms: pure random search, adaptive random search, two-
phase methods, simulate annealing, and tabu search [4]. Te
random search method, also called adaptive random search
(ARS), is one of the earliest stochastic optimization tech-
niques, fnding popularity in chemical and process engi-
neering during the 1960s and 1970s [124]. Simulated
annealing (SA) is also a mature technique but is more recent
than AR since its application was introduced in 1983
[4, 124]. Te advantages of both ARS and SA rely on that
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they are relatively well tested, thus proving their efcacy in
several problems. Note that some information on the pa-
rameter settings of these algorithms can be found more
easily when compared with more recent optimization
methods [124]. Table 1 indicates that ARS and SA appear to
be the random search techniques commonly used in food
engineering and, consequently, detailed information on
these algorithms is presented in the following topics covered
by this review.

Te evolutionary methods are algorithms inspired by
features and processes of biological evolution and include
the genetic algorithm (GA), diferential evolution (DE),
evolution strategy (ES), genetic programming, and evolu-
tionary programming [4, 125–127]. Both GA and DE are the
most used optimizers in food manufacturing optimization.

Te swarm intelligence methods are inspired by swarm
intelligence or social behavior. Tis group includes, for
example, the following algorithms: particle swarm optimi-
zation (PSO), ant colony optimization (ACO), artifcial bee
colony (ABC), frefy algorithm (FA), bat algorithm, fsh
swarm optimization algorithm, whale optimization algo-
rithm, artifcial algae algorithm, chicken swarm optimiza-
tion, and grey wolf optimizer [4, 127–131].

Lastly, the other stochastic methods include algorithms
such as harmony search, memetic algorithms, cultural al-
gorithms, scatter search, tunnelingmethods, and other novel
optimizers (e.g., artifcial immune systems, method of
musical composition, strawberry algorithm, and based on
hill climbing algorithm) [4, 132, 133].

Tis review has identifed adaptive random search
(ARS), simulated annealing (SA), genetic algorithm (GA),
diferential evolution (DE), particle swarm optimization

(PSO), and ant colony optimization (ACO) as prevalent
stochastic techniques for tackling global and multiobjective
optimization problems in food engineering. To provide
a deeper understanding, a concise analysis of their de-
scriptions, search procedures for fnding the global opti-
mum, and relevant applications in this feld were presented.

2.1. Adaptive Random Search (ARS). Adaptative random
search (ARS) is a method to solve nonlinear programming
(NLP) problems [4]. It relies on generating decision vari-
ables from a specifc probability distribution, minimizing
computational eforts to fnd the global solution during the
search process [134]. In addition, some versions are also
capable of handling mixed-integer nonlinear programming
(MINLP) problems [135, 136].

Te procedure of the ARS algorithm can be described as
follows [12] (Algorithm 1):

In step 2, the modifcation of the pedestal probability
distribution is performed using some equations. Te
probability density hj for step j, j ϵ 1: Ns is given by [12]

h
j

�
1–pj 

1–vj 
, (3)

where vj is the volume of the perspective domain of random
search in step j(v0 � 1) and pj is the assumed probability in
step j (where the optimal point belongs to the current
domain I).

To calculate the currents vj and pj, the following ex-
pressions are used [12]:

q
0

�
1
2
,

q
j+1

� q
j
(2ε)1/Ns , where ε is the given accuracy,

v
j

� 2q
j

 
n
,

p
j

�
s

j
pmin–1( 

smin
  + 1, if 0≤ v

j ≤ vmin,

v
j
(1 − pmin)

(1 − vmin)
  +

(pmin − vmin)

(1 − vmin)
 , if vmin≤ vj≤ 1,

(4)

where pmin and qmin are heuristic parameters that allow
tuning the algorithm performance to diferent types of
optimization problems.

Te adaptive random search method proves particularly
adept at tackling food engineering optimization problems due
to its ability to handle nonlinear objective functions and identify
multiobjective solutions that satisfy all constraints [11, 12, 19].

For instance, Simpson et al. [19] applied ARS to optimize
the thermal processing of canned food. Tis stochastic
optimizer was efective in searching the ideal retort tem-
perature profle to either maximize quality retention (subject
to achieving minimum target lethality) or to minimize
processing time (subject to maintaining a specifc quality
retention level) [19].

International Journal of Chemical Engineering 7



Tis optimization technique was also successfully used
by Abakarov et al. [11] for solving the multiobjective
problem of the thermal processing of packaged food. In this
problem, the goal was to fnd the optimum combination of
constant retort temperature and processing time that would
maximize the quality of pork puree (specifcally, thiamine
and texture retention) while minimizing the processing time
needed.

To address challenges encountered with multimodal or
dynamic optimization, Abakarov et al. [12] proposed
a modifcation of the ARS method that incorporates a lo-
gistic function. Tis modifcation aimed to improve the
method’s performance, and it was tested on the optimization
of thermal processing of canned foods. Te goal was to fnd
the optimal variable retort temperature profle for two
distinct problems. Te frst problem searched for maxi-
mizing the fnal thiamine retention, while the process fnal
lethality was kept to a specifed minimum. Te second
problem focused on minimizing the process time subject to
the same lethality requirement and maintaining a minimum
quality threshold.

2.2. Simulated Annealing (SA). SA is an optimization
method developed by Kirkpatrick et al. [137] to obtain better
solutions for combinatorial optimization problems. Te
method simulates the thermodynamic principles of pro-
ducing an ideal crystal and it utilizes the metropolis algo-
rithm, which replicates the behavior of atoms in thermal
equilibrium at a given temperature [124, 137, 138]. Tis
temperature is the control parameter of SA, which starts at
a high value, resulting from the “melting” of the system at the
beginning of the process to be optimized. Gradually, the
temperature decreases in controlled steps to produce
a crystal, until the system “freezes” and stabilizes [124, 137].
A rapid decrease in temperature generates irregularities in
the crystal structure, which could represent failure to fnd
the global optimum solution for the tested objective func-
tion. Conversely, an extremely slow decrease results in
higher computational eforts but favor the identifcation of
the global optimum. A key characteristic of SA is its ability to
accept worse solutions during the optimization process, thus
helping to diversifying the search and avoid getting trapped
in local optima. However, as the temperature decreases, the
probability of accepting these worse solutions should drop.
Tis encourages the algorithm to focus on refning the best
solutions found and favors the convergence [124].

Food engineering often deal with complex optimization
problems in cooking, where factors such as frying time,
temperature, and oil amount have numerous and potentially
noisy input and output parameters. Te simulated annealing
stochastic method, combined with artifcial neural networks,
ofers a powerful solution for handling these intricate
datasets [139].

Te SA algorithm has been used by Russo et al. [18] to
optimize the quality of espresso cofee by pod obtained via
a percolation process. An adaptive neurofuzzy interference
system (ANFIS) was utilized as a tool to model the process,
and SA was employed to solve the complex nonlinear
multicriteria optimization problem. Te goal was to de-
termine the extraction temperature, time, and composition
of the cofee mixture that minimizes the diference between
the sensorial attributes of the espresso cofee and the target
values of the properties. Te cofee quality was measured by
sensorial attributes including color intensity, body, olfactive
intensity, acidity, astringency, texture, roast intensity, and
bitterness.

A novel simulated annealing based on published
MATLAB® code (Optimization Techniques in Engineering,
2015) was developed by Rodman and Gerogiorgis [8] to fnd
the optimal temperature profle capable of maximize fnal
ethanol concentration and minimize bath time in a beer
fermentation process. As a result, it was possible to reduce
the processing time by 16 h, increasing the ethanol con-
centration and still maintaining byproduct concentrations
below threshold values.

SA was also used with constraint programming (CP) and
tabu search (TS) to solve large-scale sugarcane rail sched-
uling instances [10]. In short, this hybrid algorithm starts
constructing an initial solution using the CP-depth-frst
search technique. All constraints and time windows of the
train operations were identifed and checked using con-
straint propagation. A backtracking procedure was used to
remove any conficts through the rail systems. Ten, the frst
iteration solution of TS was developed by constructing a new
neighborhood of the CP schedule.Te frst initial solution of
TS was compared with the CP solution. Te best solution in
the makespan value (equivalent to the throughput of sug-
arcane transport) was integrated with the frst iteration of SA
to obtain another solution by generating a new neighbor-
hood. Te solution of this last step was used as an initial
solution to start the second iteration of TS and so on, until
satisfying the termination criteria [10].

(1) Set the total number of random search iterations (Ns), center point (x0
i , i ϵ 1 : n) of initial perspective subdomain I (Cartesian

product of sets Iiϲ domain X, i ϵ 1 : n), and iteration counter (s)� 1.
(2) Generate a new vector (xj ϵ domain X) from the current pedestal probability distribution Pj(xj-1, x0), j ϵ 1: Ns.
(3) Compute the objective function valueΦj � Φ(xj) and identify theminimal objective function valueΦj

min � min Φj,Φj

min  in step
j, j ϵ 1 :Ns.

(4) If Φjmin <Φ
j-1
min, then the center point x0 � xj.

(5) While j<Ns, go to step 2.
(6) End.

ALGORITHM 1: Adaptive random search.
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2.3.GeneticAlgorithm (GA). In GA, each possible solution is
represented by a string of genes called chromosome. Te
genes represent the decision variables of a given optimi-
zation problem and are encoded with binary bits [140, 141].
Te number of bits depends on the required precision [141].
Te representation of a GA candidate solution is illustrated
in Figure 1. In some cases, the solution can be represented by
more than one chromosome [141]. GA starts by generating
individuals that are candidate solutions for the optimization
problem and these solutions constitute the initial pop-
ulation. Tere are several approaches to generate this initial
population as those commonly used are random, uniform,
and biased [141]. More details about these samplingmethods
are discussed by the authors in [141].

A chromosome’s quality, or how well it solves the
problem, is determined by the ftness function, which is
directly based on the problem’s objective function [140, 141].
Te ftness value is used to drive the chromosomes to
evolution by a selection operating [140, 141]. Individuals
with higher ftness should have a greater chance to be se-
lected than those with lower ftness [140]. Tere are diferent
selection schemes such as roulette wheel, tournament se-
lection, truncation selection, ftness scaling, and ranking
selection [142, 143]. For example, the probability of selecting
an individual in roulette wheel selection is equal to their
aptitude of the average ftness in the population. On the
other hand, the probability of selecting an individual in
ranking selection is determined according to its ftness value
rank in the population. In tournament selection, the pop-
ulation is divided into subgroups and the best individuals,
according to their ftness values, are selected. Tis selection
procedure is repeated until the desired number of in-
dividuals for the new population is reached [141].

After the selection process, GA performs a re-
combination operation, also known as crossover [141]. It
consists of recombining usually two selected chromosomes
from a population to produce one or more members of the
successor population. So, the ofspring is constructed from
the characteristics of the frst parent [140, 141]. Crossover
operations can be handled in diferent ways. Figures 2 and 3
illustrate the single-point and the two-point crossover op-
erations [140, 141].

Tere is another crossover operation called uniform
crossover. In this case, a random binary mask is created frst,
as shown in Figure 4. Te child chromosome is constructed
based on the bit-by-bit comparison between the parent and
the mask. If there is a zero in the mask bit and a zero in the
corresponding parent 1 bit, this bit is copied to the child
chromosome. Similarly, if there is a number one in the mask
bit and a number one in the corresponding parent 2 bit, this
bit is copied to the child chromosome. A second child is
made of the unused bits of parents 1 and 2. Comparing these
three crossover techniques, the uniform crossover is the one
that produces a more explorative efect, thus contributing to
enhancing the success rate for fnding the global optimum
[141].

After the crossover operation, the created children (new
chromosomes) will be passed on to the mutation stage, thus
enabling GA will maintain the population diversity

[140, 141]. In the case of binary representations, the mu-
tation operator replaces each position in the chromosome
with a randomly selected bit if a probability test is passed
[141].Tat is, if a randomly generated number in the interval
[0, 1] is greater than a predetermined “mutation rate,” no
mutation is applied. If the random number is smaller or
equal to the mutation rate, then the bit is replaced, as shown
in Figure 5 [140].

Te summary of a GA fowchart can be as follows [140]:

(1) Generate an initial population of N chromosomes
randomly.

(2) Calculate the ftness of each chromosome in the
initial population.

(3) Create a new empty population and repeat the fol-
lowing steps until N chromosomes have been
created.

(a) Using a selection method, select two chromo-
somes, c1 and c2.

(b) Apply crossover operation to c1 and c2 to gen-
erate a child chromosome c.

(c) Apply mutation operation to c to obtain c′.
(d) Add c′ to the new population.

(4) Replace the initial population with the new
population.

(5) Return to step 2 until satisfying the stopping criteria.

Concerning the applications of GA, it has several uses in
food science. In 1997, Morimoto et al. [60] proposed an
intelligent control technique including GA and neural
networks for the optimal control of the fruit-storage process.
Neural network was frst used to identify and model the
water loss and the fungal growth of fruit, as their func-
tionality with relative humidity. Ten, GA was utilized to
search the optimal setpoints of relative humidity to mini-
mize water loss and the development of lesions by fungi and
bacteria of the fruit. Tese authors concluded that the al-
gorithm searched for the optimal setpoints in a quickly and
successfully way.

Morimoto et al. [61] used GA and neural networks to
optimize the heat treatment for fruit during storage. In this
study, a neural network was used to identify the time-history
change in surface color of tomatoes as a function of tem-
perature. Ten, GA allowed the optimal eight-step setpoints
of temperature to be successfully searched to delay the
ripening process of tomatoes. In this work, the authors also
tested three diferent search procedures of GA.Te evolution
curves from the three procedures showed that combining
two specifc crossover techniques signifcantly improved the
search performance. Tis involved adding 50 individuals
from another population to the original one and performing
the crossover in two steps.

Heat treatment was also investigated by Morimoto et al.
[62] for reducing tomato water loss during storage. An
artifcial neural network was frstly used to identify the
dynamic change in the rate of water loss and its relationship
with temperature. Ten, GA was used to fnd the optimal
combination of temperature setpoints that minimize the
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water losses. Te results showed that the fruit freshness
could be maintained during storage through the application
of heat stress.

Tere are also many applications of GA or its variants in
fermentation processes, both in batch ([27, 28, 38, 45, 56]), fed-
batch operations ([39, 51, 77]), and in solid-state fermentation

[85]. Carrillo-Ureta et al. [27] employed GA to optimize the
temperature profle during beer fermentation, aiming to
achieve the desired ethanol levels while adhering to operational
and quality constraints. Desai et al. [28] used GA to determine
the optimummedia composition and inoculum volume for the
fermentative production of exopolysaccharide from

Individual:

Chromosome
Gene

1
Gene

2
Gene

3
Gene

4
Gene

5 s

A gene consists of several bits:
1 0 0 1 1 1 0 0 1 0 0 1 1 1 0 0

Solution Space:

Fitnes Real
Value 

Figure 1: Representation of a GA candidate solution mapped into an individual that consists of one or more chromosomes [141].

1 0 0 1 1 0Parent 1 Parent 2 0 1 1 1 0 0

Child 1 Child 21 0 1 1 0 0 0 1 0 1 1 0

Figure 2: Single-point crossover [141].

1 0 0 1 1 0Parent 1 Parent 2 0 1 1 1 0 0

Child 1 Child 21 0 1 1 0 0 0 1 0 1 1 0

Figure 3: Two-point crossover [141].

0 1 0 1 0 0

0 1 1 1 0 0

Mask

Parent 1 1 0 0 1 1 0

= =

Parent 2

Child 1 Child 21 1 0 1 0 0 0 0 1 1 0 0

= =

Figure 4: Representation of uniform crossover [141].
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Lactobacillus plantarum. Haider et al. [56] enhanced lipase
production by a soil microorganism using GA to search for the
best media constituents. Pappu and Gummadi [38] used GA to
fnd the optimum fermentation conditions (time, pH, agitation,
aeration, concentration of biomass, and glycerol) to enhance
xylitol production. Baishan et al. [45] also studied xylitol
production but optimized themedium composition in a stirred
tank bioreactor for improving the product yield.

Concerning fed-batch fermentation, Tochampa et al.
[39] optimized the production rate of xylitol using the real-
valued GA to establish optimal substrate feeding profles.
Another example is the application of two GA variants to
fnd the optimal feed fow rate to maximize the Saccharo-
myces cerevisiae concentration and minimize ethanol for-
mation [35]. Te concentration of Saccharomyces cerevisiae
at the end of the fermentation process was also optimized in
the work of Chen et al. [51], which used a modifed GA to
fnd the optimal feed rate profle. Another example is the
work of Zuo and Wo [144] that brings the optimization and
control of a fed-batch fermentation system using hybrid
neural networks and GA. Tis system produces thur-
ingiensin, a bioinsecticide and one of the major exotoxins of
Bacillus thuringiensis.

An example of GA application in solid-state fermenta-
tion was reported by Menezes et al. [85]. Tey utilized an
artifcial neural network hybridized with GA to optimize the
lipase production from Penicillium roqueforti ATCC 10110
by fnding the optimal fermentation time, incubation
temperature, and percentage moisture content.

GA was also used as an optimization tool in supercritical
CO2 extraction by Zahedi et al. [78] to obtain nimbin from
neem seed and by Bashipour and Ghoreishi [79] to obtain
β-carotene from Aloe vera. Specifcally, the frst study
showed that GA was more robust when compared to
a traditional gradient search (GS) optimization technique,
especially when considering computational efort [78].

Other studies involving GA-based optimization of ex-
traction processes can be found in literature. Tao et al. [69]
used GA to optimize the extraction of phenolics including
anthocyanins from wine lees in an ultrasound-assisted
process. Vural et al. [90] utilized the nondominated sort-
ing genetic algorithm-II (NSGA-II) to optimize the ultra-
sonic probe extraction of phenolic compounds from olive
leaves.

Another application of GA or its variants includes the
food classifcation ([53, 74, 93]). Chtioui et al. [93] used GA
for the feature selection in seed discrimination to maximize
classifcation rates. Wee et al. [74] applied GA to reduce the
number of features of Zernike moments for maximizing the
performance of a neural network classifcation of rice grain.
Dacal-Nieto et al. [53] utilized GA for feature selection in
potatoes classifcation by computer vision.

GA-based optimizers have been also implemented to
solve logistical problems ([44, 65, 71, 72, 75, 87, 92]). Wu
et al. [75] used an improved GA algorithm to determine the
optimal transportation routing for fresh food to minimize
transportation costs. Asgari et al. [44] employed a GA to
optimize wheat transport in Iran. Teir model determined
ideal monthly quantities transported between producing
and consuming provinces to address a real-world supply
chain challenge. Validi et al. [72] used NSGA-II to minimize
carbon emissions and total costs on the distribution chain of
the dairy industry in Ireland by fnding the optimal routes
and vehicle/truck types. Te same authors further used
a multiobjective GA to address both economic and envi-
ronmental factors. Teir approach aimed to minimize
carbon emissions while optimizing distribution costs for
transporting products from plants to consumers [71].
Devapriya et al. [65] presented a comparison of two heu-
ristics that use GA in solving the integrated production and
distribution scheduling problem. Nisperuza et al. [87] used
a metaheuristic based on NSGA-II to a perishable goods
vehicle routing problem. Te goal was to minimize both the
number of damaged products and the total distance travelled
by the vehicles. Finally, Peng [92] used an improved version
of GA to fnd the optimal logistics transportation path
combination tominimize the total cost of cold chain logistics
transport (transportation cost, cargo damage cost, and
power consumption cost).

NSGA-II has also been successfully applied to optimize
the scheduling of a heat exchanger network under milk
fouling conditions [41]. A comparison of NSGA-II, a mixed-
binary version of DE (ridDE), and a mixed-binary version of
PSO (ridPSO) in the search for optimum solutions for this
problem were performed. In the numerical study of single-
objective optimization, NSGA-II demonstrated to maintain
a good balance among the three measures of the cleaning
cost, energy loss, and the fow rate of the heating medium.
On the other hand, ridDE could schedule the heat exchanger
network at the lowest cleaning cost but with a compromise
on energy consumption and steam fow rate, while the
solutions of the ridPSO were also associated with a signif-
cantly large amount of energy consumption and steam fow
rate. In the numerical study based on a multiobjective
scenario, the ridPSO could not achieve improvements up to
the level of none of NSGA-II and ridDE [41].

GA was also applied to a single screw extrusion cooking
to optimize the production of a fsh and rice four blend by
Shankar and Bandyopadhyay [59] and Tumuluru et al. [70].
In both applications, GA was able to resolve the corre-
sponding optimization problems.

GA has also been applied as an optimization tool to
control a baker’s yeast drying process [77], to fnd optimal
reaction parameters in the vegetable oil hydrogenation
process [58], to produce bioethanol via cassava starch hy-
drolysis [47], and to optimize the acidolysis reaction between
mustard oil and capric acid using Termomyces lanuginosus
lipase [67].

1 0 0 1 1 0Parent Child 1 0 1 0 1 0

Figure 5: Representation of random mutation [141].
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Finally, Hecker et al. [23] compared the performance of
a modifed GA against random search and ACO in solving
the production scheduling problem for a bakery case study.
Tey concluded that the modifed GA seemed to be the most
promising method since it provided the best objective
function values for both makespan and total idle time of
machines. However, even though the modifed GA method
provided the overall best solution for all the optimization
runs for makespan, all the three methods generated better
results for this optimization problem than the initial product
sequence, even considering their worst performances.

Other applications of GA and its variants including
hybridized versions with other algorithms can be found in
Table 1 ([23, 30, 32, 40, 42, 43, 46, 49, 50, 54, 57, 63, 66, 68, 76,
81, 83, 84, 86, 88, 96]).

2.4. Diferential Evolution (DE). DE is a stochastic optimi-
zation method introduced by Price and Storn in 1995 [145].
Te algorithm starts by choosing the initial points, xi,j,
randomly [146, 147]. Each point represents a possible so-
lution for the optimization problem where i ϵ {1, 2, . . ., NP}
and j ϵ {1, 2, . . ., D}, being NP the number of population
members and D is the number of decision variables [147].
Te generation of new points is based on the perturbation of
existing points. Te scaled diference of two randomly se-
lected population vectors is added to a third randomly se-
lected population vector [146]. Tis strategy is named
mutation, and this mutant vector is obtained using the
following equation:

vi,j � xr1,j + FDE xr2,j-xr3,j , (5)

where FDE is the mutant amplifcation factor that controls
the amplifcation of the diferential variation (xr2,j
- xr3,j); i, r1, r2, r3 ϵ 1, 2, . . . ,NP{ } and i≠ r1≠ r2≠ r3 and j ϵ
{1, 2, . . ., D}, respectively [147].

To increase the diversity of the population members,
a crossover step is used. It consists in generating a new
solution vector, ui,j, by copying some elements of the mutant
individual to the target individual with a crossover proba-
bility constant [147, 148], where

ui,j � vi,j, if rand(j)<CR,

ui, j, otherwise,
(6)

where rand (j) ϵ [0, 1] is the jth evaluation of a uniform
random number generator and CR ϵ [0, 1] is the crossover
probability constant given by the user [147].

Te population is then updated using the greedy crite-
rion, where the objective function values of ui,j and xi,j are
compared and the solution vector that provides the best
value for the optimization problem is retained [147].

As observed for GA and its variants, DE and its im-
proved versions also have several applications in the opti-
mization of fermentation processes ([24, 26, 34, 36, 37,
40, 48, 52, 55, 64, 73, 82, 97]). DE applications in batch
fermentation can be found in the works of [33, 37, 64, 82].
Chaitali et al. [37] proposed DE to determine the initial
batch volume and the feed concentrations of the substrate to

maximize xanthan gum formation by Xanthomonas cam-
pestris in a fed-batch fermentation process. Mandal et al. [33]
used DE to maximize the expressions of catalase while
keeping protease expressions within threshold limits in fed-
batch fermentation of Aspergillus niger. Oonsivilai and
Oonsivilai [64] applied the DE algorithm to design the
temperature profle for beer fermentation in a batch process.
Batch fermentation was also optimized by Guo et al. [82].
Tey employed a multiobjective DE algorithm with angle-
based objective space division and parameter adaption to get
higher conversion rate and utilization rates of equipment in
the fermentation process of sodium gluconate.

Apart from these examples in batch applications, several
authors worked with DE and fed-batch processes. Particu-
larly, there are many applications of DE for fermentation
fed-batch processes involving ethanol production
([24, 26, 52, 73]). Te ethanol production rate was improved
by Chiou and Wang [52]. Tey compared the use of the
hybrid DE (HDE) with the multiplier updating method
(HDE-MUM), HDE including the penalty function method,
DE with penalty function method, and GA including the
penalty function method (GA-PFM) to determine the op-
timal solutions in the fed-batch fermentation process by
Zymomous mobilis. HDE-MUM showed better results for
the maximum ethanol produced rate than GA-PFM. Also,
Wang and Cheng [73] used hybrid DE to optimize the
fermentation by Saccharomyces cerevisiae, determining the
feeding rate and operation parameters to maximize the
ethanol production rate and minimize the processing time.
Wang et al. [24] applied a hybrid DE to estimate the kinetic
model parameters of the fed-batch fermentation for ethanol
and glycerol production using Saccharomyces diastaticus
LORRE 316. Te same authors also introduced the hybrid
DE with a multiplier updating method including adaptive
penalty parameters to determine the feasible feed rates for
the fed-batch optimization problem. Hunag et al. [26] used
a hybrid DE with an adaptive multiplier updating method,
including an adaptive penalty parameter strategy, to fnd the
optimal feed rate, the initial sugar concentration, and fer-
mentation time to improve ethanol production in a fed-
batch Saccharomyces diastaticus LORRE 316 fermentation.

Tere are also applications of DE in the optimization of
other fermentation fed-batch processes ([34, 35, 97]). Par-
ticularly, Yuzgeç et al. [35] compared four diferent DE
algorithms (the classical DE technique, the opposition based
on DE, the adaptive DE, and the adaptive opposition based
on DE) and GA in determining the optimal feeding fow
profle in a baker’s yeast fermentation process. Tey showed
that all the DE algorithms have better performance than GA
for the same fermentation process [35]. Koop et al. [97]
applied DE to optimize the performance of a fermentation
process for xylitol production by Candida mogii yeast using
a fed-batch reactor. Tese authors also compared the nu-
merical performance of DE with the results obtained using
PSO and ABC and showed that DE can outperform both
PSO and ABC in this case.

DE was also applied in solid-state fermentation processes
by Garlapati and Banerjee [55] and Bhattacharya et al. [48],
which optimized the extracellular lipolytic enzyme
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production by Rhizopus oryzae NRRL 3562 and the laccase
production from a locally isolated hyperactive strain of
Pleurotus sp., respectively. Another study by Gujarathi [36]
employed a multiobjective DE strategy (MODE III) on two
solid-state fermentation cases. Each case aimed to achieve
two conficting objectives to maximize enzyme activity while
minimize the fermentation time and to maximize the
product to the cell yield coefcient while minimize the
fermentation time.

DE was also utilized by Sun et al. [31] to fnd optimal
glucose and inducer feed rates to yield maximal economic
beneft in foreign protein production using recombinant
bacteria. Finally, DE was applied by Koop et al. [95] for the
optimal control of substrate feed rate in glycerolysis of
vegetable oils to improve monoacylglycerols and diac-
ylglycerols production.

Other applications of DE variants and hybridized ver-
sions with other methods are described in Table 1
([29, 82, 89, 91, 113]).

2.5. Particle SwarmOptimization (PSO). Te particle swarm
optimization (PSO) algorithm, introduced by Kennedy and
Eberhart [149], shares similarities with GA in their use of
randomly chosen initial populations. However, on PSO,
each particle representing a potential solution is assigned
a velocity, allowing it to dynamically move through the
search space. Tis velocity introduces an additional element
of exploration compared to GA’s static individuals, which is
advantageous for the food engineering feld [150].

In the PSO algorithm, each particle remembers the best
solution found by itself and by the whole population, along
the search trajectory. Te particles adjust the velocities (ve)
by the following equation [149, 151]:

vei+1,j � wvei,j + c1r1 x
local
i,j – xi,j  + c2r2 x

global
i,j – xi,j ,

(7)

where r1 and r2 are two random numbers, w is the inertia
weight parameter introduced by Shi and Eberhard [152], c1 and
c2 represent the positive acceleration constants from the
cognitive and social terms (respectively), xlocal

i,j is the particle
that has achieved the best ftness so far, and x

global
i,j is the best

solution vector from all the swarm [151]. Recalling that,
i ϵ 1, 2, . . . ,NP{ }, where NP represents the number of pop-
ulation members and j ϵ 1, 2, . . . ,D{ }, where D is the number
of decision variables.Ten, the new position (xi+1,j) is given by

xi+1,j � xi,j + vei+1,j. (8)

In terms of food engineering applications, the PSO al-
gorithm was efcient for optimizing the conditions of en-
zymatic pretreatment of oat bran [108], where the
carbohydrase Viscosyme L was used to enhance protein
extraction from it. Liu et al. [108] optimized the enzymatic
pretreatment conditions using the standard PSO and also
investigated the results obtained for the same problem using
the quantum-behaved PSO (QPSO) [153]. In the quantum
model of PSO, the state of a particle is represented by a wave
function instead of position (vector x) and velocity (vector

ve). Although QPSO demonstrated faster convergence and
improved computational efciency, it showed the same
efectiveness as the standard PSO.

A modifed PSO via the integration of the hybrid Monte
Carlo sampling and path integral was proposed by Wang
et al. [100] to maximize the production of 1,3-propanediol in
batch fermentation. However, according to these authors,
the convergence analysis and reliability of this algorithm are
needed to be investigated.

PSO was also adapted by Hecker et al. [107] to optimize
the production planning of an example bakery. Te authors
presented the modeling of the production processes that
scheduled the workfow of a given product sequence and the
optimization was performed with two diferent cost func-
tions of economic interest.

Te supply chain problem was also optimized using two-
grade delayed PSO [105], hybrid PSO [114], hybrid of
multiobjective PSO, and adapted multiobjective variable
neighborhood search [106], and particle swarm heuristic
[109].

Other PSO applications included the minimization of
the system of distribution of fresh agriproducts cost [105],
the minimization of production and transportation costs of
the agrifood supply chain network [114], the minimization
of logistic costs and environmental impacts of CO2 emis-
sions [106], the defnition of the production quantities, the
distribution centers to be visited, and the delivery quantities
for each planning period in a way to minimize the total cost
and the trip for perishable products [109]. For the resolution
of this last problem, the authors proposed a heuristic method
where the production submodel was solved using LINGO
and the distribution submodel was optimized using PSO
[109].

Finally, PSO was used by Amiryousef et al. [103] to solve
a multiobjective problem in deep-fat frying process. Te
goals consisted of minimizing the shrinkage percentage and
the fat content of the deep-fat frying ostrich meat plates
while keeping their moisture content within a legal range
[103].

2.6. Ant Colony-Based Methods. Ant-based algorithms were
frst introduced by Dorigo et al. [154] and Dorigo et al. [155]
as an approach to handling difcult combinatorial opti-
mization problems. Tey draw inspiration from the foraging
behavior of real ant colonies. Tese social insects collaborate
to fnd the shortest paths between their nest and food
sources. As ants travel, they leave behind a chemical trail
called pheromone, creating a scent pathway. Other ants are
more likely to follow paths with stronger pheromone con-
centrations, efectively sharing information about food
sources. Tis collective behavior allows the colony to ef-
ciently locate resources, and these algorithms mimic this
process to solve optimization problems, especially in the
food engineering feld [156].

Specifcally, the ant colony system (ACS) was introduced
by Dorigo and Gambardella [157] and, in brief, it proceeds as
follows: m ants are initially positioned on n cities chosen
according to some initialization rule (e.g., randomly). Each
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ant constructs a tour, which is a feasible solution to the
problem to be optimized by repeatedly applying a stochastic
greedy rule, the state transition rule (for more details, see
[157]). While building its tour, each ant changes their
pheromone level by applying the local updating rule. When
all the ants have fnished their tour, the globally best ant,
defned by the shortest tour, modifes the amount of
pheromone on the visited edges according to the global
updating rule. Tus, ants are guided in constructing their
tours based on heuristic information, preferring to choose
short edges and pheromone information where the edges
with a high amount of pheromone are preferred [157].

Table 1 shows that ACS was used by Xiao et al. [98] and
Sprenger and Monch [110]. Xiao et al. [98] applied ACS to
optimize the temperature profle for beer fermentation,
aiming the maximization of ethanol production, minimi-
zation of the byproducts concentration, and reduction of
spoilage risk. On the other hand, Sprenger and Monch
[110] applied ACS to improve a greedy heuristic used to
solve a cooperative transportation planning problem
motivated by a scenario found in the German food
industry.

In 1999, Dorigo et al. [156] introduced the ant colony
optimization (ACO) metaheuristic. Te algorithm mimics
real ants in many aspects. First, by using a colony of
cooperating individuals, since the ants cooperate through
the information, they read and write concurrently about the
problem states they visit. Second, the algorithmmakes use of
an artifcial pheromone trail for local stigmergic commu-
nication since the artifcial ants change some numeric in-
formation locally stored in the problem’s state they visit.
Tird, ACO uses a sequence of local moves to fnd the
shortest paths since artifcial ants move step by step through
“adjacent states” of the problem to fnd the shortest one.
Finally, ACO uses a stochastic decision policy employing
local information. Tis is because the artifcial ants decision
policy depends on a priori information represented by the
problem specifcations (equivalent to the terrain’s structure
for real ants), and the local modifcations in the pheromone
trails induced by past ants [156].

In the ACO algorithm, there are also some character-
istics of artifcial ants that difer from real ones, i.e., they live
within a discrete world, moving between discrete states,
while real ants move in continuous space; artifcial ants store
information about past actions, aiding in decision-making
that real ants often lack; they deposit “pheromone” amounts
proportional to the quality of the solution found; and in
ACO, pheromone updates can be adjusted based on the
problem, e.g., they update pheromone trails only after
having generated a solution [156].

Optionally, the ACO metaheuristic can comprise some
extra components that use global information, named
daemon. By the observation of the ant’s behavior, a daemon
can collect global information to deposit additional pher-
omone information, based, in this way, on the ant search
process from a nonlocal perspective. By the observation of
the solutions generated by the ants, the daemon can also
deposit additional pheromone “ofine” concerning the
pheromone that the ants deposited online [156].

Te ant’s generation and activity, the pheromone
evaporation, and the daemon actions also may need some
kind of synchronization, as using strictly sequential
scheduling of the activities in nondistributed problems
[156].

ACO algorithm modifed by the characteristic wave-
bands selection principle was successfully used in a problem
of classifcation of citrus fruit blemishes [116]. Hecker et al.
[107] used ACO and PSO separately to analyze and optimize
the production planning of an example bakery, and both
algorithms provided optimized results for the problem.
Hecker et al. [23] also compared ACO with a modifed GA
and random search for optimizing the production planning
of a bakery production line. Even though the modifed GA
provided better results, ACO was capable to generate
a signifcant reduction in makespan compared to the initial
value, and it was able to minimize the total machine idle
time, which were targets of most economical interest. Lu
et al. [101] used a hybrid ACO algorithm and fux balance
analysis to optimize microbial strains.Te authors presented
a case study that used Saccharomyces cerevisiae as the model
organism to optimize the rate of vanillin production. Other
food engineering applications related to ACO can be found
in Table 1 ([101, 104, 112, 113]).

3. Remarks on SGO for Food
Engineering Optimization

From the research carried out on the Science Direct and
Scielo platforms adding the works published by the authors
of this article, 118 references were found related to food
engineering optimization problems resolved with stochastic
optimizers from January 1994 to February 2021. Figure 6
shows the contribution of publications by journal articles,
conference/symposiums papers, and book chapters.

As stated in Table 1, these publications were classifed
into four groups: the random search techniques, the evo-
lutionary methods, the swarm intelligence methods, and the
other methods. Figure 7 shows that the evolutionary
methods dominate, among the stochastic optimizers, as the
common stochastic optimization tool in food engineering.

Particularly, 53 of 76 publications that apply evolu-
tionary algorithms are related to GA or its variants and 18
used DE or its variants. GA and its improved and hy-
bridized versions represent nearly 45% of the total publi-
cations presented in this review, while DE-based methods
represent about 14% of these applications. In general, GA-
based methods fnd wide-ranging applications, including
optimization tasks such as refning operating conditions
and various metrics across diferent processes (such as
fermentation, extraction, and heat treatment), food cate-
gorization, and solving logistical problems. Concerning DE
and its variants, most of the research has focused on the
optimization of fermentation processes in food
engineering.

Swarm intelligence methods are the second group most
applied in food engineering (23 publications). Among the
optimization methods of this group, PSO and its variants
stand out with 35% of the reported applications, which
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included enzymatic pretreatment, fermentation process,
deep-fat frying, production planning, and supply chain
problems. ACO-based optimizers are also commonly used
by the food engineering community to resolve diverse
problems such as distribution problems [104], identifcation
of gene knockout strategies [101], anthocyanins content
prediction from near-infrared spectra [112], classifcation of
citrus fruit blemishes [116], and Cr(VI) adsorption process
on sustainable adsorbent derived from waste biomass
(sugarcane bagasse) [113].

15 publications reported the application of random
search methods where SA or its variants was used in 4
publications and adaptive random search in 2 publications
and modifed adaptive random search was used in one
publication (see Table 1).

For illustration, Figure 8 shows the number of publi-
cations on food engineering optimization with stochastic
methods in the period 1994–2020. Table 2 gives an overview
of the articles published in 2014 where the evolutionary and
swarm intelligence methods were commonly applied and, in
particular, GA-based optimizers were preferred.

Table 3 shows the distribution of articles published by
country on this research topic. As noted, China and India
lead the research on food engineering optimization with
stochastic optimizers followed by the United States of
America.

Finally, Table 4 presents a summary of the applications of
stochastic optimizers in the resolution of food engineering
optimization, the decision variable(s) selected for each
problem, and the respective objective function.

Chapter
0.8%

Journal article
92.4%

Conference/symposium
paper 6.8%

Figure 6: Contribution of publications by journal articles, conference/symposiums papers, and book chapters on food engineering
optimization with stochastic optimization methods. Period: January 1994–February 2021.
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Figure 7: Number of publications per type of stochastic optimization method. Period: January 1994–February 2021.
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Figure 8: Number of publications per year on food engineering optimization with stochastic optimization methods. Period: 1994–2020.

Table 2: Survey of publications on stochastic methods applied to food engineering problems.

Reference Application Stochastic method Group

[103] Deep-fat frying of ostrich meat plates Particle swarm optimization Swarm intelligence
methods

[106] Sustainable supply chain network of perishable food
Hybrid of multiobjective particle swarm

optimization and adapted multiobjective variable
neighborhood search

Swarm intelligence
methods

[23] Bakery production scheduling Modifed genetic algorithm Evolutionary
methods

[101] Vanillin production by the Baker’s yeast
Saccharomyces cerevisiae

Hybrid of the ant colony optimization algorithm
and fux balance analysis (the proposed method
was able to outperform OptGene, which was
consistent with the results obtained by another

algorithm, namely, CBAFBA)

Swarm intelligence
methods

[34] Fed-batch fermentation processes Evolutionary algorithms Evolutionary
methods

[109] Integrated production and distribution planning
model for perishable products LINGO and a particle swarm heuristic Swarm intelligence

methods

[57] Prefrying microwave drying and frying conditions
of French fries Genetic algorithm Evolutionary

methods

[66] Cocoa butter analog synthesis variables Artifcial neural networks and the genetic
algorithm

Evolutionary
methods

[67] Acidolysis reaction between mustard oil and capric
acid by using thermomyces lanuginosus lipase Genetic algorithm Evolutionary

methods

[110] Cooperative transportation planning Ant colony system Swarm intelligence
methods

[69] Ultrasound-assisted extraction of phenolic
compounds from wine lees Genetic algorithm Evolutionary

methods

[72] Sustainable food (milk) supply chain distribution
system

Nondominated sorting genetic algorithm of kind
II

Evolutionary
methods

[112] Calibration models to measure the total
anthocyanins content in fowering tea

Ant colony optimization combined with interval
partial least squares (ACO-iPLS) (the authors also

used full-spectrum PLS, iPLS, and genetic
Algorithm-iPLS for comparison)

Swarm intelligence
methods

[117] Osmotic dehydration of mushrooms Firefy algorithm Swarm intelligence
methods

Publication year: 2014.
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4. Final Remarks and Future Perspectives

Tis review explored the role of optimization in food en-
gineering, a feld characterized by complex processes with
nonlinear dynamics, multiple variables, and mixed con-
straints. Due to these complexities, the need for robust
optimization techniques in this area was highlighted. Unlike
deterministic methods, stochastic techniques can handle the
inherent variability present in food processing. Tey ofer
advantages such as being adaptable to multiobjective
problems, handling various decision variable types, and
performing well with highly nonlinear problems.

It was evaluated that evolutionary algorithms, particu-
larly genetic algorithms (GAs) and its variants, are the most
widely used (45% of reviewed publications) and they address
various tasks in food engineering, such as process optimi-
zation, food categorization, and logistics. Swarm intelligence
methods (23% of the publications) are the second most
common, with particle swarm optimization (PSO) being
popular for optimizing processes, production planning, and
supply chain problems. While less frequent (15% of publi-
cations), random search methods like simulated annealing
(SA) are also used.

Particularly, genetic algorithms (GAs) and diferential
evolution (DE) emerge as particularly popular choices for
tackling food engineering optimization problems, demon-
strating their efectiveness in real-world applications. Tese
methods excel due to their well-rounded capabilities. Tey
efciently fnd good solutions for complex problems, even as
the problem size increases. Tis efcient scaling, sometimes
nearly linear, makes them ideal for tackling large and intricate
optimization tasks. In addition, their inherent parallel nature
allows them to run on multiple processors simultaneously,
signifcantly accelerating the optimization process.

Te main drawback of these optimization methods relies
on the tradeof between success performance to fnd the
global optimum solution and the corresponding numerical
efort. Overall, all the stochastic methods utilized heuristics
and arbitrary parameters as stopping criteria. Tis context
has a direct impact on the algorithm performance since the
probability to fnd the global solution for a given objective
function increases with the numerical efort (i.e., computer
time) performed by the optimizer. For the case of food
engineering optimization with several decision variables, it
could be expected that the reliability of stochastic optimi-
zationmethods would be signifcantly afected by the defned
stopping criterion. Terefore, it is necessary to develop
proper stopping conditions to improve the performance of
these numerical tools for optimization problems with several
decision variables.

From a business perspective, extensive computational
eforts to solve optimization problems can present chal-
lenges. While it might not guarantee fnding the absolute
best solution, it can signifcantly extend analysis times,
leading to delays and potentially impacting proftability. In
addition, with some problems, multiple solutions might be
equally optimal, requiring further analysis to identify the
most suitable option for the process.

It has been also observed that systematic performance
comparisons of diferent stochastic optimization methods
have not been reported using food engineering optimiza-
tion problems. Te selection or application of a specifc
optimizer is commonly not based on the feedback from
numerical studies that justifes its reliability and efciency
to solve the problem under analysis. It appears that GA has
been widely used in food engineering optimization due to
its wide applications in other felds. However, it has not
been proved that this method can ofer the best perfor-
mance for solving diferent optimization problems in food
engineering.

Presently, no stochastic algorithm is universally efective
for all food engineering problems. Moreover, there is a lack
of characterization regarding the optimal algorithm for
specifc challenges such as global and multiobjective opti-
mization problems within the food industry. Research
studies are required to assess and categorize the performance
of novel stochastic optimizationmethods in the resolution of
food engineering optimization problems with diferent
characteristics as decision variables and the presence of
constraints. Tis evaluation is required to identify better
optimizers that can resolve multivariable challenging
functions with the lowest numerical efort.

Table 3: Publications of stochastic methods applied to food en-
gineering problems in food by country.

Country Number of publications
China 21
India 20
United States of America 14
Turkey 10
Iran 9
Canada 8
Malaysia 7
Japan 6
United Kingdom 6
Germany 5
Taiwan 5
Spain 4
Tailand 4
Australia 3
Chile 3
Ireland 3
Portugal 3
Russia 3
Brazil 2
France 2
Greece 2
Italy 2
New Zealand 2
United Arab Emirates 1
Belgium 1
Brunei Darussalam 1
Colombia 1
Denmark 1
Iraq 1
Mexico 1
Singapore 1
Sultanate of Oman 1
Te Netherlands 1
Period: January 1994–February 2021.
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Another challenge in applying stochastic methods to
food engineering problems is the necessity for efective and
reliable tools capable of handling constrained multiobjective
problems. It is very common that maximizing the quality of
food products conficts with minimizing process costs. In
this way, the optimization of processes should always
consider all the objectives and restrictions that lead to the
real interest of the market, which culminates in the gen-
eration of proft. Research brings more practical results
when considering multiple objectives, better representing
real-world scenarios.

Te development and testing of novel stochastic opti-
mizers for solving both global and multiobjective optimi-
zation problems are fundamental for food engineering and
further research should be performed in this direction.
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[87] P. A. Nisperuza, J. M. López, and H. E. Hernández, “Una
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