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Design of Coupled SAW Filters Using Genetic
and Evolution Algorithms
J. Meltaus, P. Hämäläinen, and V. P. Plessky

Abstract— We study two stochastic optimization algorithms, a
genetic algorithm and an evolution strategy, in the context of
surface acoustic wave (SAW) filter design. The main reason for
employing stochastic methods is to avoid converging to a local
minimum of the objective function. As an example we apply these
methods to the design of longitudinally coupled SAW filters. As a
test structure, we use a symmetric filter structure with 14
simultaneously optimized parameters. We discuss the algorithms
and the effect of the main parameters governing the optimization
in each case, giving recommendations for parameter values when
possible, and compare the performance of the algorithms when
applied to the test structure. We demonstrate that the evolution
strategy results in more efficient search of combination of
variables than the corresponding genetic algorithm.
Index Terms— Optimization Methods, Genetic Algorithms,
Evolutionary Optimization, Covariance Analysis, Surface
Acoustic Wave Filters, Bandpass Filters.

I. INTRODUCTION

M

ODERN surface acoustic wave (SAW) devices set high
demands on the optimization methods employed in the
design process. For instance, in longitudinally coupled
resonator filters (CRF), the number of the parameters to be
optimized simultaneously can exceed twenty, and the objective
function (deviation from the desired characteristics) can be
multi-modal, i.e., contain several local minima. In gradientbased methods typically used in optimization, the final result
can depend strongly on the initial guess of the parameters.
Furthermore, the gradient method can converge to a local
minimum, and often there is no way of determining whether
the solution is the global minimum or not, or how good the
quality of the final solution is compared to the global
minimum. Performing several optimization runs with different
starting points can help find a better solution, but this kind of
manual iteration is often time-consuming. Stochastic
optimization methods, such as evolutionary algorithms (EA),
for example genetic algorithms (GA) and evolution strategies
(ES), depend on randomness in the search process. The
algorithms aim at searching over the whole parameter space,
starting from a random situation and converging towards the
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global minimum. Each iteration step is based on the solutions
created in the previous step, but the method of proceeding
from one step to the next is in some way arbitrary. The random
element increases the probability of finding the global
minimum. Even though there is no guarantee of converging to
the global minimum, the final solution is not dependent on the
initial guess of parameters. Therefore, the problem of
converging to a low-quality local optimum near the starting
point of the optimization process, often associated with
gradient optimization methods, can be overcome. Since no
gradients or Hessians need to be calculated, stochastic
algorithms can be computationally less demanding than
gradient methods. It also makes them well-suited for use with
various other simulation and optimization methods, such as
finite-element method (FEM) and combined SAW and
package simulation. Moreover, they often outperform gradient
methods if the objective function has a complicated shape, for
example includes several close-lying local minima or points
that are not differentiable. A gradient optimization step can be
subsequently carried out for the best solution found by the
stochastic algorithm to ensure that the solution is at the bottom
of the found minimum (hybrid optimization).
A multitude of optimization algorithms have been applied to
the design of SAW devices [1]. Previous work suggests that
stochastic methods can be advantageous for different types of
design problems encountered in SAW device design.
Evolutionary algorithms have been successfully employed in
designing SAW transducers [2, 3] and correlation devices [4].
In the context with coupled resonator filters and transversal
filters, several types of biological and other evolutionary
algorithms have been studied [5-10]. The results indicate that
improvements in terms of, e.g., robustness and speed can be
obtained as compared to conventional (gradient-based)
methods.
In this paper, we study two stochastic algorithms: a genetic
algorithm and a correlated evolution strategy. The operation of
algorithms is illustrated with a simple test function. As the
actual test structure, we use a longitudinally coupled multitransducer SAW filter with 14 simultaneously optimized
parameters. We discuss the governing parameters of
optimization in each case, giving recommendations for their
numeric values if possible. A comparison of the performance
of the methods for the optimization of the test structure is
carried out.
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Fig. 1. Schematic of the test filter structure. The filter has 5 main transducers
with short transducer sections replacing the gaps between them. The
structure is symmetric such that it has 14 simultaneously optimized
parameters as indicated in the figure.
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III. OPTIMIZATION METHODS
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In this paper, we typically use the term “solution” for the
studied set of optimized parameters, but in context with GAs,
they are also termed “genes” or “individuals”. The
simultaneously-existing group of solutions is called a
“population” or a “generation” in this paper; these terms are
widely used in genetic optimization. Several excellent
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II. TEST STRUCTURE
The structure studied in this paper is a multi-transducer
longitudinally-coupled resonator filter (CRF), schematically
shown in Fig. 1. It consists of five main interdigital transducers
(IDT) and 8 short transducer sections between the main IDTs,
replacing the gaps between the transducers. The structure is
symmetric such that the total number of device parameters to
be optimized is 14, as indicated in Fig. 1: aperture W, reflector
finger number Ng and period pg, gap between the reflector and
the first transducer, and transducer finger numbers Nt and
periods pt. In principle, the numbers of fingers in the short
transducers need not be constant.
As the objective function to be minimized, we use the
weighed sum of the deviations of the filter response from the
desired characteristics, such as magnitude response and
standing wave ratio. In the simulation of the filter structure we
employ the coupling-of-modes (COM) model (see, e.g., [11])
and the transfer matrix method (see, e.g., [12]). The response
is very sensitive to certain parameters, for example to the
periods of the short transducer sections (pt2, pt3, pt5, and pt6
in Fig. 1). Fig. 2 illustrates the behavior of the objective
function when two parameters are varied while other
parameters are kept constant, showing the complicated nature
of the objective function, in particular with respect to the
periods (Fig. 2(a) and Fig. 2(d)). The dependence on aperture
W and on the number of fingers Nt is less pronounced.
As the calculation of the frequency response of the filter
involves cascading the filter elements by multiplying their
transfer matrices, the computation of the objective function is
rather a heavy task. With a 2.6 GHz Pentium 4 computer, one
objective function evaluation with 901 frequency points takes
approximately 2 seconds. Some of the computational
advantage gained from the use stochastic algorithms is thus
lost, as the major part of the computational time required by
the procedure is taken by the function evaluation. On the other
hand, since the optimization problem is complicated and the
gradient methods easily converge to a local minimum, the use
of a stochastic algorithm benefits the design process.
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Fig. 2. Dependence of the objective function of the test structure on some of
the device parameters. Two parameters are varied while others are kept
constant. The figures illustrate the strong dependence of the objective
function shape on certain combinations of parameters, for example pitches
pt1 and pt2 of the first main transducer and the first short transducer (a). The
shape of the objective function for this combination is very complicated with
local minima and sharp corners.

textbooks dealing with evolutionary algorithms are available,
e.g., [13-16]. For a review on evolutionary optimization
methods, see, e.g., [17].
A. Genetic Algorithm
Genetic optimization strives for imitating the natural
evolution process. From an initial pool of solutions, only some
get to produce offspring for the next generation. While the best
individuals have a large probability of getting selected for
recombination, in principle every individual has a non-zero
selection probability. Typically, a genetic algorithm comprises
the steps of creating the population, selection, recombining
genes, and mutation. Mutation is used to introduce random
variation in the population. Different types of GAs have been
previously studied in the design of SAW transducers [2] and
filters [3,6,8].
The individuals in the first generation are often selected
randomly and uniformly from the whole parameter space.
There are numerous ways of selecting the individuals for
recombination; in the ultimate case, only the two best
individuals are selected. For recombining the genes, the binary
crossover method that simulates the operation of biological
DNA is often employed: the bit strings representing the parent
individuals are cut at the same, random, crossover site, and the
ends of the strings are switched, resulting in two offspring.
This is essentially the same as choosing an offspring parameter
randomly between the parent parameters (blend crossover), or
in a range that exceeds beyond the parent parameters,
depending on the binary representation. A modification of the
blend crossover method is also used in the GA studied in this
paper.
In the GA employed in this work, each optimized parameter
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value is assigned limits amax and amin. The first generation of N
individuals is created by randomly and uniformly selecting
parameter values between these limits. The individuals
(parameter vectors) are sorted according to their fitness F. If
the objective function is to be minimized, the fitness can be
defined, e.g., as the inverse of the objective function value. For
each individual xi, we then determine a recombination
probability defined as

[F (x )]
∑ [F (x )]
w

p(xi ) =

i

N

n =1

,

(1)

w

n

where w acts as a weighting parameter. Increasing w increases
the relative recombination probabilities of the individuals with
highest fitness values. In recombination, each offspring
parameter yk is selected randomly between the limits

ykMin

[
[

]
]

1
(xik + x jk ) + S xik − x jk
2
,
1
= (xik + x jk ) − S xik − x jk
2

ykMax =

(2)

where xik and xjk denote the corresponding parameters of the
parents and S is a stretching coefficient. When S=1, the
offspring parameter is selected between the parent parameters.
Every parameter of each offspring is mutated with a
probability M. If a parameter is mutated, a new value is
randomly selected from the range [amin, amax]. The number of
offspring is governed by recombination rate p; all in all,
n=p*N offspring are produced. Then the fitness values of the
new individuals are calculated, and all the n+N individuals are
sorted according to their fitness. The N best individuals
comprise the next generation. The parameters appearing in the
algorithm are the generation size N, the probability scaling
exponential w, the number of the offspring n, the stretch
coefficient S, and the mutation probability M.
B. Evolution Strategy
Evolution strategies consider the optimized parameters as
traits affected by a number of genes. Such traits, e.g., weight
and height, have often been found to be normally distributed in
biological populations. The notation used in the context of ESs
is (µ/ρ, λ)- or (µ/ρ+λ)-selection, where µ is the total number of
parents, λ is the number of offspring, and ρ is the number of
parents that generate one offspring. If the new generation is
selected from the offspring only, the notation is “,”; if the
parents are retained in the selection, it is “+” [15]. New
individuals can be sampled around a number of parents having
the best fitness, or the whole population can be used as a
distribution. Evolution strategies in SAW design have been
studied, e.g., in [4].
In this paper, we use a modified (µ/µ, λ)-selection, that is,
the whole population is used to create offspring. The method is
similar to the GA, but instead of producing offspring by
recombination, we directly compute the mean and covariance
of the offspring and then sample the offspring from the
corresponding multivariate normal distribution

p ( x) =

1
(2π ) n Σ

e

1
− ( x − µ ) T Σ −1 ( x − µ )
2

(3)

,

where x is the vector of optimized parameters, µ is the mean
of the distribution, and ∑ is the covariance matrix. Covariance
analysis is used in correlated evolutionary optimization, see,
e.g., [18].
Consider that we have generated a random population of
parameter vectors xi. We first need to obtain the expectation of
the offspring parameters yk as a function of the parent
parameters xik and xjk, that is

µ k = E [ yk ] = ∫ f ( yk ) yk dyk ,

(4 )

where f(yk) is the probability density function of yk. We start
with a simple case of genetic optimization where yk is
uniformly distributed between xik and xjk, that is,
yk (ck , xik , x jk ) = ck xik + (1 − ck ) x jk ,
(5)
where ck is uniformly distributed in the range 0…1. The
expectation now becomes

µ k = ∑∑ ∫ f (ck , xik , x jk )[ck xik + (1 − ck ) x jk ]dck
N

N

i =1 j =1

∞

−∞

,

(6)
where f(ck,xik,xjk) is the joint probability density function ck,
xik and xjk. If we allow self-recombination so that the parents
are selected independent of each other, we can use f(ck,xik,xjk)=
f(ck)p(xi)p(xj), since the probability of selecting parameter xik
for recombination equals the probability of selecting the
corresponding parent vector xi. Substituting Eq.(1) and
rearranging summation order, we obtain the expected offspring
as a fitness-weighed mean of the parents:
N

µk =

∑ [F (x )] x
i =1
N

w

i

ik

∑ [F (x )]
i =1

,

(7 )

w

i

where F is the fitness and w is a weighing parameter that
can be selected freely.
The element σkl of the covariance matrix of the parameters
yk and yl is given by

σ kl = ∫ ∫ ( yk − µ k )( yl − µl ) f ( yk , yl )dyk dyl ,

(8)

where f(yk,yl) is the joint probability density function of yk
and yl. In the recombination, each offspring parameter depends
only on the corresponding parent parameters and not on each
other. Thus, we can use f(yk,yl)= f(yk)f(yl). Substituting Eqs. (1)
and (5) and rearranging the summation order, we obtain the
covariances of the offspring parameters as fitness-weighed
covariances of the parent parameters:
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Fig. 3. The first three generations of evolution strategy (ES, top and middle images) and genetic algorithm (GA, bottom image) for a two-dimensional test
function. Fitness function weighing parameter w=1 for the top images and w=3 for the middle and bottom images, pronouncing the highest peak in the fitness
function surface. The ES produces samples that are concentrated on the axis between the two peaks, whereas the GA yields more scattered solutions.
N

σ kl =

S n ∑ [F (x i )] ( xik − µ k )( xil − µl )
w

i =1

N

∑ [F (x )]
i =1

,

(9)

w

i

where Sn=0.5 by default, but it can also be changed to adjust
convergence, similar to the to the stretching coefficient S in
genetic optimization. In effect, the offspring statistics equal
parent statistics with fitness as an additional weighing term.
For each generation, we first compute the mean and
covariance and then sample the offspring from the
corresponding normal distribution. The size of the first
generation should be large enough to allow sufficient sampling
of the search space, but in the following generations, the
number of solutions can be reduced in order to accelerate the
computation.
Using a normal distribution as a model may seem unfounded
when the fitness function has several local maxima. However,
when w is increased, individuals with high fitness are weighed
more in the summation and µ approaches the individual with
the best fitness. The highest peak of the effective fitness
function [F(x)]e becomes more pronounced and the function
better resembles the Gaussian model with only one peak. If the
generation size N also approaches the number of possible
individuals (depending on computation precision), µ
approaches the global maximum of the fitness function.
Fig. 3 compares the convergence of the ES and the GA in a

case of a simple two-dimensional test function with two peaks.
Results of the ES with two weighing parameter values, w=1
and w=3, are plotted in top and middle figure. The bottom
figure is for GA with w=3. The two topmost figures show that
the ES concentrates the search on the axis between the two
maxima, whereas the GA yields more scattered solutions.
Moreover, it is clearly seen in the middle figure that the ES
approaches the final solution from both sides of the peak,
whereas the GA can only obtain solutions that are for the most
part situated between the two maxima – this is because in
recombination, the offspring parameter values are selected
from between the values of the two parents. In Fig. 4, the
second generation of the ES for w=1 is shown. The black lines
show the principal axes of variance of the normal distribution
from which the solutions are sampled.
Statistically, the ES algorithm is not equal to the GA it was
derived from. A normal distribution is fully defined by its
mean and variance, but the offspring created by actual
recombination have a more complex distribution with higherorder statistics. However, as can be seen in Fig. 3, the simpler
normal distribution can be more optimal. The GA produces
more scattered offspring, whereas the normally distributed
samples are better focused on areas of high fitness. The mean
of the normal distribution is far from optimum at first, but then
gravitates toward the most significant fitness function peak.
An important characteristic of the ES studied here is that the
significance of fitness function peaks can be adjusted with the
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TABLE I
LIMITS OF THE OPTIMIZED FILTERR PARAMETERS USED IN THE OPTIMIZATION
RUNS

Fig. 4: Example of evolution strategy with weighing parameter w=1, second
generation. The objective function is the same as in Fig. 3. The black lines
indicate the principal axes of variance of the normal distribution. The
principal search direction is oriented between the two peaks of the fitness
function.

parameter w. This feature can be used to obtain more robust
solutions. The top and middle images in Fig. 3 compare cases
of w=1 and w=3 for the ES. For w=1, the broader peak area
gets weighed more, but for w=3, the global but narrower
maximum is found. Choosing a large w increases the
probability of finding the global optimum. On the other hand,
for practical devices it can be advantageous to use a shallower
but broader local maximum, as the performance of the device
is then less dependent on the fabrication tolerances. It should
also be noted that if the search space is insufficiently sampled
by the first generation, heavy weighing can accelerate the
convergence on the highest peak found by the first generation,
even if it is not the global extremum.
For multi-modal objective functions that are typical to SAW
design problems, the concept of niching in order to find
multiple peaks would be advantageous.
In practice, samples from a multivariate normal distribution
can be generated via Cholesky decomposition of the
covariance matrix [19]. The Cholesky decomposition yields a
lower-triangular matrix A for which AAT=∑. If y’ is a vector of
univariate normal draws, the corresponding multivariate
normal offspring vector can be obtained as y=µ+Ay’. The
computational complexity of Cholesky decomposition is
O(m3), where m is the number of optimized parameters. In our
case, this is neglible - computing the Cholesky takes less time
than one fitness function evaluation.
IV. SIMULATION RESULTS
The convergence of an optimization algorithm is governed
by the free parameters appearing in the algorithm, such as the
size of one generation in the GA. This makes the comparison
of different algorithms difficult, as the outcome for one
algorithm may strongly depend on the selection of parameters.
Moreover, the nature of the optimization problem affects the
optimum choice of parameters.

Parameter

Min

Max

Aperture (W, µm)
Number of fingers in reflectors (Ng)
Reflector period (pg, µm)
Number of fingers in IDTs (Nt1,
Nt4, Nt7, Nt10, Nt13)
IDT period (pt1, pt4, pt7, pt10,
pt13, µm)
Short IDT period (pt2, pt3, pt5, pt6,
pt8, pt9, pt11, pt12, µm)
Gaps (relative to adjacent pitches:
Gap(µm)=Gap(rel)*(pt1+pt2)/2

25
31
1.07
5

150
101
1.15
71

1.02

1.12

0.7

1.12

0

2

In this work, we have used the same test filter structure with
both algorithms to first determine the best combination of
optimization parameters for each method. To study how the
convergence depends on the parameters in the algorithm, we
employed different parameter values in the optimization of the
filter structure shown in Fig. 1, focusing on the parameters that
have the most significant effect on the performance of the
algorithm [20]. Only one parameter was changed while others
were kept constant. We then used these parameters to compare
the performance of the algorithms.
Although the optimal parameter values are found for one
test structure (5-IDT SAW filter), the results should be valid
for other types of CRF structure as well.
Selecting the feasible range of the optimized device
parameters appropriately is important for the performance of
the algorithms, as it determines the size of the parameter space
and the number of minima in the objective function. The
proper range is problem-specific and depends also on the
structural limitations imposed on the final device, such as the
maximum size of the structure. The parameter ranges used in
this work are shown in Table I.
A. Parameters in Genetic Algorithm
The parameters appearing in the GA are generation size N,
recombination rate p, probability scaling parameter w, stretch
parameter S and mutation probability M. Of these parameters,
we varied N, p, and w, keeping S and M constant. The constant
parameter values were N=1000, p=20%, w=2.5, S=3, and
M=0.15%. A more detailed study is presented in [20].
Generation Size. We studied convergence for N=20, N=50,
N=100, N=500, and N=1000. As expected, a larger population
yields a better solution. For the multi-IDT CRF studied here,
increasing the generation size even above N=1000 improved
the final result. However, a very large generation size renders
the run time impractically long.
Recombination probability distribution. Parameter w is used
to weigh the fitness of the individuals in order to increase the
recombination probability of the best individuals as defined in
Eq. (1). A large w increases the recombination probability of
the best individuals in the population. However, increasing w
over the optimum value decreases the quality of the final
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Fig. 5. Convergence of evolution strategy for population size N=100, N=200,
and N=300, optimizing the test filter structure. Curves are averages of 5
runs. Growing the population over the optimum value increases the
computational cost of the procedure, in effect slowing the convergence.

solution, as the probability of converging to a local minimum
increases. The best value for the power w, at least for the
problem studied in this paper, is between 2 and 3.
Number of recombinations per generation. In every
generation, we produce p*N offspring. We studied values
p=10%, p=20%, and p=30%. Increasing p improves the final
solution, but the effect slows down when p>20%, as the
tendency to find a local minimum increases. This is because
the best individuals found in the beginning of the optimization
tend to be emphasized when a large number of recombinations
is made, and their properties soon become prominent in the
population. A large p also adds to the computation time
required by the routine.
B. Parameters in Evolution Strategy
The parameters in the ES are initial generation size N0,
generation size N, fitness weighing parameter w and
covariance coefficient Sn. We ran the optimization with
N=100, 200, and 300 and w=1, 2, and 3. The constant
parameters were N0=1000, w=2, N=200, and Sn=1.
Weighing Parameter. The weighing parameter w is used as
defined in Eqs. (7) and (9). The results show that weighing the
fitness from w=1 to w=2 increases considerably the rate of
convergence. However, increasing the weighing constant from
w=2 to w=3 deteriorates the final solution, as the probability of
converging to an inferior solution during the first steps of the
optimization process increases. For this particular problem, we
determined w=2 to be the optimum value for the weighing
parameter.
Generation Size. The optimal generation size appeared to be
N=200 for this particular problem. While N=100 converged
fast, it did not reach as good a final value, and N=300 reached
a value comparable with N=200 but converged a bit more
slowly in the beginning (Fig. 5).

Fig. 6. Convergence of the studied optimization algorithms when used to
optimize the test filter structure. Curves are averages of 5 runs. The best
objective function value of a generation is plotted as a function of the target
function evaluations performed. Frequency responses for typical runs at the
points indicated by 1-4 are shown in Fig. 7.

C. Comparison of Optimization Methods
The performance of the studied methods depends strongly
on the choice of parameters in each algorithm, and care must
be exerted when comparing the results. To gain some insight
on the relative performance of the methods, however, we made
five independent runs with each algorithm and studied the
average convergence of the best solution found in each step.
The parameters used for the runs are listed in Table II.
Fig. 6 shows the values of the best solutions of the abovedescribed optimization methods as the average of 5 runs. To
facilitate the comparison of the computation time, the
convergence is plotted as a function of the number of objective
function evaluations, which require the major part of the
computation time. The average of the best values of the
population was calculated for every generation.
From Fig. 6, it can be concluded that GA and ES give
comparable performance. The ES tends to find a better
solution, although the GA converges faster in the beginning.
However, both algorithms show rapid convergence in the
beginning, and the improvement in the objective function
value is small after 10-15 generations.
TABLE II
PARAMETERS USED FOR COMPARISON OF OPTIMIZATION ALGORITHMS:
GENETIC ALGORITHM (GA) AND EVOLUTION STRATEGY (ES)
Parameter
Initial population N0
Recombination rate p
Population size N
Weighing parameter w
Stretch parameter S
Mutation probability M

GA

ES

1000
20%

1000

2.5
3
0.15%

200
2
1

7
0

0
GA
ES

1.

10

Insertion Loss (dB)

10

Insertion Loss (dB)

GA
ES

2.

20

30

40

20

30

40

50

50

1200

1400

1600

1800
2000
Frequency (MHz)

2200

2400

1200

1400

1600

(a)
5
10

15

15

Insertion Loss (dB)

Insertion Loss (dB)

2400

0
GA
ES

3.

10

20
25
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35

25
30
35
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45

45
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2200

2400

(c)

GA
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4.

20

40

1200

2200
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Fig. 7. Simulated frequency responses of the test filter structure of the best solutions for a typical run of the genetic algorithm (GA) and evolution strategy (ES)
in four stages of optimization: (a) after the first generation, (b) after 6 generations (2000 objective function evaluations), (c) after 16 generations (4000
objective function evaluations), (d) after 36 generations (8000 objective function evaluations). The specification shown in the figures is the one used in the
optimization process.

Fig. 7 shows frequency responses of a typical run (one that
converges near the average value shown in Fig. 6) of the GA
and the ES. Responses are plotted in four stages of the
optimization, indicated by 1-4 in Fig. 6. The specification
shown in Fig. 7 was used in the optimization process. As Fig.
7(d) shows, already after 6 generations, the response resembles
the final result. The final responses are close to each other, but
the ES arrives at a solution that satisfies the specified
suppressions better.
V. DISCUSSION
The design problem of multi-transducer SAW filter is one
that can benefit from the use of stochastic evolutionary
optimization methods. The objective function shape is
complicated and depends more strongly on some parameter
combinations than on others, and typically contains several
local minima. Our study shows that, in principle, both genetic
optimization and the correlated (µ/µ, λ)-evolution strategy
give good results with this problem, and a satisfactory
response is achieved already after a reasonable number of

function evaluations.
This type of problem may benefit more from the ES, as the
covariance analysis focuses the search to the direction of those
variable combinations that are significant for the target
function. However, the advantage over the GA may be in other
optimization problems than SAW design. If the evaluation of
objective function is not computationally heavy, computing the
Cholesky decomposition of the covariance matrix can
dominate the overall computational cost.
For a multi-modal objective function, the weakness of the
ES is the unimodal distribution used in the offspring sampling.
To find multiple solutions, a niching strategy should be
incorporated in the optimization. In SAW design, multi-modal
search can be used to find robust solutions. In practice it may
not be convenient to include sensitivity analysis in the
population-based ES, as it would increase the number of
function evaluations. Therefore, it is preferable to obtain
multiple solutions and perform the sensitivity analysis
afterwards.
Stochastic optimization methods are easy to distribute to
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several machines as the calculation of the solutions does not
depend on the previous solutions. Ultimately, one computer
can calculate the objective function value of one individual
solution and pass that value to the central computer.
It should be noted here that the comparison of optimization
methods is always strongly dependent on the choice of the
parameters appearing in each algorithm, as well as on the
features of the design problem they are applied to. Therefore,
the results should be viewed as an illustration of the
possibilities and limitations of each method, rather than a
decisive order of performance.
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