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Abstract: The utilization of seismic barriers for protection against the hazardous impact of natural or
technogenic waves is an extremely promising emerging technology to secure buildings, structures and
entire areas against earthquake-generated seismic waves, high-speed-transport-induced vibrations,
etc. The current research is targeted at studying the effect of seismic-barrier shape on the reduction of
seismic-wave magnitudes within the protected region. The analytical solution of Lamb’s problem
was used to verify the adopted numerical approach. It was demonstrated that the addition of
complementary geometric features to a simple barrier shape provides the possibility of significantly
increasing the resulting seismic protection. A simple genetic algorithm was employed to evaluate
the nontrivial but extremely effective geometry of the seismic barrier. The developed approach can
be used in various problems requiring optimization of non-parameterizable geometric shapes. The
applicability of genetic algorithms and other generative algorithms to discover optimal (or close
to optimal) geometric configurations for the essentially multiscale problems of the interaction of
mechanical waves with inclusions is discussed.

Keywords: seismic barrier; earthquake; vibration; complex geometry; genetic algorithm; optimization;
multiscale modeling; heterogeneous media and structures

MSC: 74P10; 74J25; 74H15

1. Introduction

The use of seismic barriers to protect buildings and structures from the potentially
harmful energy of surface waves of natural or technogenic origin is a relatively new emerg-
ing approach in modern seismic protection developments. In contrast to the traditional
approaches, which, in most cases, rely on the installation of damping between the structure
basement and the structure itself, the considered seismic barriers provide the possibility
of ensuring territorial protection, significantly reducing the amplitude of displacements
and accelerations in the area encircled by the barrier and embracing protected buildings
and structures. Installation of a seismic barrier makes it possible to ensure the required
levels of protection for buildings and structures inside the protected area, and it possesses
a number of significant advantages over more traditional seismic protection methods. The
major advantages of the considered territorial seismic protection include the following:

• Barriers protect the area on which the structure is placed, along with the structure itself;
• Seismic barriers are not a part of the protected structure; thus, degradation and fracture

of barriers do not directly affect the strength and stability of the structure;
• The functionality of the barrier is not significantly affected by the frequency spectrum

of oncoming seismic waves (unlike more traditional seismic protection systems that
are designed to operate in a certain frequency range);
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• Basement slabs are also protected;
• Barriers can be used to protect structures placed on weak soils that potentially can

be exposed to the earthquake-induced liquefaction (as seismic barriers prevent the
propagation of seismic waves into the protected area);

• Barriers can be retrofitted to protect the existing structures;
• In many cases, the creation of seismic barriers is economically much more efficient

compared with the more traditional seismic protection systems.

The potential of various seismic protective structures based on specially designed
metamaterials [1–7], seismic barriers [1,7–16], or even seismic barriers filled with metamate-
rials [2,4,5,8] was explicitly revealed in a large number of previous works. Earlier research
clearly demonstrates the possibility of using seismic barriers for effective protection against
seismic waves of different origins. A seismic barrier represents a vertical inclusion made
from a material having physical properties different from the ambient medium. The inter-
action of the incident wave with this inclusion (seismic barrier) can result in the diffraction,
reflection, refraction and scattering of waves. In addition to this, part of the wave energy
can be captured inside the barrier. These effects can result in a decrease in wave amplitude
behind the barrier. A schematic representation of the vertical barrier is given in Figure 1: A
time-dependent load P(t) is initiating a wave travelling along the surface of a half-plane
simulating the effect of an earthquake at areas not directly adjacent to the earthquake
epicentre; the seismic barrier (black rectangular area in Figure 1) interacts with a seismic
wave caused by the applied dynamic surface load, which generates surface Rayleigh waves
along with bulk waves emanating from the point force load; the wave amplitudes are
measured by a sensor located on the free surface behind the barrier.
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The efficiency of a seismic barrier (i.e., its capability of decreasing the amplitudes of
displacements and accelerations) is determined by the properties of materials forming the
barrier and the barrier geometry. The effect of material properties has been studied before,
e.g., [17]. The present study is one of the first attempts to address the effect of the barrier
shape. Previously, only barriers of the simplest (mostly rectangular) cross-sections were
considered (e.g., [14–16]). In [18], Brennan et al. present a review of the state of the art in the
utilization of soft barriers for protection against seismic hazards. The most sophisticated
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cases of seismic protection geometry reported by the authors are a V-shaped protective
barrier numerically studied by Flora et al. [3] and a bowl-shaped barrier with an analytical
solution reported by Le et al. [19]. Some authors study periodic protective elements as
part of the structure basement (e.g., [20]) or that are erected in a vicinity of the structure
to be protected (e.g., [15]). In addition to the fact that the available literature about the
utilization of barriers for vibration protection is limited to the simplest barrier shapes (i.e.,
the shape-optimization problem was previously only solved in terms of finding optimal
barrier dimensions), there is no practical possibility for a direct quantitative comparison of
the observed protective properties to previously published results. The reason for this is
that the quantitative data are highly specific to the problem geometry, boundary conditions
and loading conditions. At the same time, the protective properties observed below for
barriers of simple shape (i.e., a rectangular barrier filled with a single material) are an
indication of the protective properties reported in the available literature. It should also be
noted that though there are almost no published attempts to optimize the shape of seismic
protective barriers, the problem of shape optimization for acoustic protective barriers is
much more explored in literature. For example, Duhamel [21] utilizes a genetic algorithm
for the shape optimization of noise barriers.

2. Numerical Model

Consider the 2D generalized plane-strain problem (Figure 1) for a halfplane with
a barrier of an arbitrary shape. The motion within the halfplane is given by the Lame
equation for displacements ui in the directions xi:

ρui,tt = (λ + µ)uj,ji + µui,jj, (1)

where µ and ν are the material Lame parameters and ρ is the material mass density. Stresses
are coupled with strains by Hooke’s law:

σij = λδijuk,k + µ(u i,j+uj,i

)
, (2)

At t = 0, the halfplane is stress-free, and the velocity field is zero everywhere in the plane:

σij
∣∣
t=0 = u,t|t=0 = 0. (3)

The load P(t) is applied as a concentrated force at the surface at x = 0. The time depen-
dence of the force is given graphically in Figure 2. The force amplitude Ppeak = 1000 N.

σxz|z=0 = 0; σzz|z=0 = P(t)δ(x). (4)

This problem (1–4) is solved numerically by utilizing the finite-element method
(FEM) [17]. To study the interaction of the incident waves with a barrier, a transient
dynamic solution accounting for inertia effects should be employed. Herein, the LS-DYNA
commercial FEM software [22] was used to solve the dynamic linear-elastic problem of surface
wave propagation within the studied domain, taking advantage of explicit time integration.

Solutions for various shapes of a protective barrier are compared with the reference
solution, which corresponds to the case when no protective barrier between the source and
the sensor point is installed. The reference configuration represents the well-studied 2D
Lamb’s outer problem [23,24]. The existence of the exact analytical solution for Lamb’s outer
problem provides the possibility of verifying the accuracy of the numerical FEM approach.
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The analytical solution for Lamb’s problem with the P(t) given in Figure 2 can be
found as a convolution of the Lamb’s solution [23–25] for the Dirac delta function with
P(t) [26,27]. For a point force applied at the surface and given by:

Fx(x, t) = Phδ(x)δ(t); Fz(x, t) = Pvδ(x)δ(t), (5)

where Fx and Fy are the horizontal and vertical components of the force (see Figure 1), Ph
and Pv are the corresponding force amplitudes in the horizontal and vertical directions and
δ() being the Dirac delta function, the solution for displacements at the plane surface can
be obtained; for example, following Kausel [24]. In (6)–(9), the solution is given separately
for the vertical (uzz, uzx) and horizontal (uxx, uxz) components of total displacement caused
by the horizontal and the vertical component of the surface load:

uxx =
Phβ

πµ|x|


0, f or τ < a

4τ2(1−τ2)
√

τ2−a2

(2τ2−1)
4
+16τ4(τ2−a2)(1−τ2)

, f or a ≤ τ ≤ 1

−
√

τ2−1
(2τ2−1)

2
+4τ2

√
τ2−a2

√
τ2−1

, f or τ > 1

(6)

for displacements in the horizontal (or x) direction caused by the horizontal component of
the surface-loading force. Displacements in the vertical (or z) direction caused by the force
applied in the vertical direction are:

uzz =
Pvβ

πµ|x|


0, f or τ < a

−(2τ2−1)
2√

τ2−a2

(2τ2−1)
4
+16τ4(τ2−a2)(1−τ2)

, f or a ≤ τ ≤ 1

−
√

τ2−a2

(2τ2−1)
2
+4τ2

√
τ2−a2

√
τ2−1

, f or τ > 1

(7)

Displacements in the horizontal direction induced by the vertical component of the
force are:

uxz =
Pvβ

πµ|x|


2τ(2τ2−1)

√
τ2−a2

√
1−τ2

(2τ2−1)
4
+16τ4(τ2−a2)(1−τ2)

, f or a ≤ τ ≤ 1

π(2τ2
R−1)

3

4(1−4τ2
R+8τ6

R(1−a2))
δ(τ − τR), else

(8)
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Displacements in the vertical direction induced by the horizontal component of the
force are:

uzx = − Phβ

πµ|x|


2τ(2τ2−1)

√
τ2−a2

√
1−τ2

(2τ2−1)
4
+16τ4(τ2−a2)(1−τ2)

, f or a ≤ τ ≤ 1

π(2τ2
R−1)

3

4(1−4τ2
R+8τ6

R(1−a2))
δ(τ − τR), else

(9)

In the equations above, τ = tβ
|x| , τR = β

CR
, a = β

α = 1−2ν
2(1−ν)

, where α and β are the
longitudinal and transversal wave speeds and CR is the Rayleigh wave speed. The resulting
displacement for any point on the halfspace surface at any time can be obtained as the sum
of the above displacements (i.e., u = uzz + uzx + uxx + uxz).

Obviously, making use of the above explicit solution for displacements and by perform-
ing convolutions for time and the x-coordinate along the surface, one can obtain surface
displacements for an arbitrary system of forces, each having an arbitrary time profile,
applied on the surface of the studied halfspace. Performing the convolution with the time
profile of the point load (given in Figure 2), an exact analytical solution for the reference
configuration of the problem (no barrier) will be obtained. Figure 3 plots the comparison
between the exact analytical solution and the corresponding numerical solution of the same
problem. The observed remarkable coincidence between the exact and the numerical result
confirms the applicability of the developed numerical approach to accurately solve the
problem of the propagation of elastic waves within the halfplane. The same numerical
model was utilized to calculate the amplitudes of displacements and accelerations at a
sensor point in the case of a halfspace with a barrier.
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Unfortunately, there is no possibility of developing an exact analytical solution for
the more complicated problem of the interaction between a wave and an inclusion within
a halfplane. The developed numerical model was validated in comparison to the exact
analytical solution in the case of no seismic barrier (or, equally, a seismic barrier with
properties similar to the ones in the surrounding media). It is demonstrated that the
numerical approach can accurately simulate the propagation of dynamic waves, including
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bulk waves and surface waves (i.e., Rayleigh waves). It is expected that the same model, for
which the properties of the material are altered for some locations, should still accurately
simulate the propagation of elastic waves in a media with a seismic barrier.

The load duration T is chosen to be equal to the time needed for the fastest (longi-
tudinal) wave to travel a distance equal to the barrier depth in the material representing
the halfspace. There is no doubt that the load duration will significantly affect the wave
interaction with a barrier of a prescribed geometry and, hence, will have a substantial
impact on the effective barrier protective properties. It is apparent that barriers with sizes
significantly smaller than the oncoming wave wavelength cannot have any notable influ-
ence on the passing wave. Waves with wavelengths comparable to or smaller than the
barrier size can be significantly transformed in the process of interacting with the barrier.
Credibly, the waves with wavelengths substantially smaller than the barrier dimensions can
be effectively filtered by the barrier with no pronounced dependency on the wavelength.
Thereby, the most interesting, from both the theoretical and the practical points of view,
is the case of waves with wavelengths comparable to the dimensions of the protective
barrier itself.

For each of the tested barrier configurations, the maximum overtime displacement
induced by the load P(t) at the sensor point (see Figure 1) is scaled with the magnitude of
displacement at the same point for the case with no seismic barrier to obtain the protection
factor for the corresponding barrier configuration. Namely:

PF =
max

t

(
u
(
xsp, t

))
ure f

max
, (10)

where xsp gives the location of the sensor point, u(x, t) gives the time history of the total

displacement at a point with location x and ure f
max gives the magnitude of displacement at

the sensor point for a reference configuration with no barrier.
For example, a protection factor equal to 2.0 means that the magnitude of displace-

ments in the sensor point is reduced by a factor of 2. The aim of this study is to identify
barrier shapes that provide the maximum possible protection, i.e., find the barrier’s geomet-
ric shape that maximizes the protection factor. Within the framework of the 2D plane-strain
problem, it is assumed that the barrier can occupy an area of 1.0 m × 2.0 m. Finite-element
mesh consists of quadratic elements, with the element side equal to 1/3 dm, which gives a
domain of 30 × 60 elements for the seismic barrier area. The domain is divided into clusters
of 2 × 2 elements each, and the barrier area is represented by a 15 × 30 array of clusters.
Each of the 450 clusters can be occupied by either a material with the same properties as the
halfplane or by another material (barrier material)—see Figure 4. This means that a barrier
can be represented as a binary vector in 450-dimensional space. The medium is simulated
as a linear elastic material with the properties typical of soil: elastic modulus, E = 30 MPa;
density, ρ = 1750 kg/m3; Poisson’s ratio, ν = 0.3. The material representing the barrier has
properties typical of concrete: E = 30 GPa; ρ = 2400 kg/m3; Poisson’s ratio, ν = 0.35.

Initially, an attempt to “guess” a good (providing maximized protection factor) barrier
shape was performed. The hypothesis was that adding “scatters” to a simple rectangular-
shaped seismic barrier can significantly improve its efficiency. Also, several periodic
configurations were tested. Table 1 shows some of the tested barrier shapes with their
corresponding protection factors.

Case 1 in Table 1 corresponds to a simple rectangular shape of a seismic barrier
(securing a protection factor of 2.2). Case 11 corresponds to the domain completely filled
with concrete, with a protection factor of 2.64, being the maximum PF observed at that
stage. It is concluded that, within the framework of the problem solved, there is most
probably impossible to design a seismic barrier with a PF exceeding the one for the entire
domain filled with concrete.
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3. Genetic Algorithm

To reaffirm the conclusion of the previous section and to develop a method for finding
an optimal geometric configuration for similar problems (for example, for the case of
several different materials that could be used to form a barrier), some method to evaluate
the optimal or close-to-optimal configuration of a seismic barrier is needed. This paper is
not studying the case of more than one material utilized to form the barrier (in addition
to the material of the surrounding media), but this can be explored in the following work.
Calculation of the PF for a given geometric configuration of a barrier requires around 5 min
of processor time on a high-performance computer system. Obviously, there is no practical
possibility of calculating the PF for every possible configuration of a barrier (2450 possible
configurations). To find “good” geometric shapes for a seismic barrier, it was decided
to employ a genetic algorithm (see, e.g., [21,28]) to initiate a process for the evolutionary
development of barrier geometric configurations that converges to a configuration with
the maximum PF possible. The idea of a genetic algorithm is to mimic the principles of
natural selection and genetic inheritance to optimize barrier configurations with respect
to protective properties over successive generations. Figure 5 gives the basic scheme of a
genetic algorithm.
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Initially, a population of diverse geometric configurations is randomly generated.
Alternatively, if there are assumptions about how a “good” seismic barrier configuration
should look, these can be used for the generation of the initial population. Every species
(barrier configuration) in the population is evaluated using the previously described nu-
merical method to evaluate the PF. For the problem being solved, the PF serves as a fitness
function that quantifies the performance of a given barrier shape.

Once the protection factors are calculated, through the process of selection, configura-
tions with higher PFs are chosen as parents for the next generation. The selected barrier
configurations undergo genetic operations, including crossovers and mutations, mimicking
genetic recombination and variation. Crossover involves combining the geometries of two
parent configurations to create a species for the new generation.

Mutation introduces small random changes into the geometry to explore new possi-
bilities. This is implemented by switching materials in a random position inside a barrier.
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Combining the operations of crossover and mutation, a new population with the same
number of species is generated. The species (barrier geometry) with the highest PF in
the previous generation is taken to the next generation unchanged to guarantee that the
maximum PF is a non-decreasing function of evolution time.

The process of selection, crossover, and mutation is repeated iteratively. As the
generations progress, the population tends to converge toward more optimal configurations,
driven by the improvement in the PF. By iteratively applying these genetic operators and
evaluating the PF of the resulting configurations, the genetic algorithm explores and refines
the space of possible geometric configurations, ultimately converging toward those that
exhibit maximum possible protective properties.

4. Implementation of the Genetic Algorithm

Initial population. There are no constraints imposed on the possible shape of the barrier.
This means that there are no “prohibited” configurations for the barrier, and any shape can
be potentially achieved in the process of evolution. To receive the results presented below,
the population (i.e., barrier shapes) for the first generation is generated randomly. This
means that every point within a barrier (see Figure 4) is assigned a material with either the
properties of concrete or soil with equal probability. This results in approximately equal
fractions of soil and concrete within the initial barrier configurations. There is also the
possibility of using different fractions of concrete and soil within the initial population. To
investigate the convergence of the developed algorithm by demonstrating the independence
of the evolution results on the variation of the initial population, computations were
performed for various initial fractions of concrete (see Table 2). It was found that the
final result of the GA evolution for this problem is not significantly affected by the initial
fraction of concrete. For equal fractions of concrete and soil, the GA convergence is slightly
faster. The following results were obtained for an initial population with equal fractions of
concrete and soil.

Table 2. Examples of initial configurations of barriers with various fractions of concrete. The brown
material corresponds to soil (with the same properties as the surrounding medium) and the gray
material corresponds to concrete.
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of (1)–(4). Fitness is determined by the protection factor, which reflects the ability of the 
definite barrier geometry to decrease the amplitudes of vibrations at the surface behind 
the barrier. 

Selection. Following the calculation of fitness for each species in the generation, half 
of the species with the lowest fitness is dismissed. The other half of the species is used to 
produce the next generation via crossover and mutation. The species with the highest fit-
ness in the generation is taken to the next generation unchanged to guarantee that the 
fitness is never decreasing through the evolutionary process. 

Crossover. A very simple approach to performing a crossover between two species 
was adopted: the child’s geometry takes the upper half of the geometry from one parent 
and the lower half of geometry from the other parent. Random crossover between the 
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generation (except for the species with the highest fitness from the previous generation, 
which is always copied to the next generation). 
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Population size. Calculations were performed for different numbers (4, 8, 12, 24, 40) of
species (barrier geometries) in a population. It was found empirically that the final result
of the GA evolution for this problem is not significantly affected by the population size. It
was found empirically that for the problem solved and the computational system utilized
for these simulations, having 8–12 species in a population provides the fastest possible
convergence. The below results were obtained for a population of 12 species.

Calculation of fitness. For each individual species, fitness is calculated utilizing (10)
and with the results of the described above FEM solution (Figure 4), solving the problem
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of (1)–(4). Fitness is determined by the protection factor, which reflects the ability of the
definite barrier geometry to decrease the amplitudes of vibrations at the surface behind
the barrier.

Selection. Following the calculation of fitness for each species in the generation, half
of the species with the lowest fitness is dismissed. The other half of the species is used
to produce the next generation via crossover and mutation. The species with the highest
fitness in the generation is taken to the next generation unchanged to guarantee that the
fitness is never decreasing through the evolutionary process.

Crossover. A very simple approach to performing a crossover between two species
was adopted: the child’s geometry takes the upper half of the geometry from one parent
and the lower half of geometry from the other parent. Random crossover between the
higher-fitness species of the previous generation was used to create the species of the new
generation (except for the species with the highest fitness from the previous generation,
which is always copied to the next generation).

Mutation. Mutation involves switching the material (soil→concrete or concrete→soil)
at a random location of a barrier. It was found empirically that switching materials at more
than one point at a time does not have any benefit and impedes the convergence. The
probability of mutation is ½.

Genetic algorithm. Once the new generation is produced following selection, crossover
and mutation, the fitness is calculated for this new generation, and then the process is
looped until the condition for termination is fulfilled. For the computations presented
below, the process was terminated once the predefined number of generations was reached
(typically 1000 generations). As seen from the results presented below, the fitness is
still improving at the typical termination time, but the observed changes to the barrier
geometry are minor and there is no major benefit to performing computations for additional
generations. Alternatively, the termination condition can be the achievement of a definite
fitness value or a significant decrease in the convergence rate.

5. Results

Figure 6 plots the observed evolution of fitness (maximum protection factor) for the
genetic algorithm evolution that was started from a randomly generated initial population.
The same figure shows that the final (biggest PF) configuration of seismic barrier geometry
gives a protection factor of 2.84. This is significantly higher than the protection factor for
a barrier with the entire domain filled with concrete (PF = 2.64, see Table 1), which was
previously believed to provide the biggest PF possible.
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In order to study the convergence and repeatability, the developed GA evolution was
executed several times, starting from a randomly generated initial population. A total of
more than 50 GA runs were executed, all resulting in very similar optimal barrier geometries
after 1000 generations. Some of the final shapes obtained and their corresponding protection
factors are presented in Table 3.

Table 3. Final shapes and their corresponding protection factors for three GA evolutions with a
randomly generated initial population. Comparison with the protection factor for a barrier with the
entire domain filled with concrete.
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An attempt was made to initiate a new GA evolution using final barrier shapes from
previous evolutions as an initial population. This attempt is also important for evaluating
the optimal shape as, typically, there is still an increase in the fitness at the termination time
of a GA starting from a random initial population (Figure 6). Figure 7 shows the resulting
evolution of the PF and the final barrier shape obtained, with the PF = 2.92.
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6. Conclusions and Discussion

Utilization of a GA provided the possibility of revealing barrier shapes with protection
factors significantly exceeding the protection factor for a homogeneous barrier entirely
filled with concrete, which was previously believed to give the highest possible PF. All
of the obtained “good” barrier shapes are very similar, which is an indication of the GA
convergence and repeatability. The barrier shapes with high PFs have concrete concentrated
at the lower end of the barrier from the direction of the wave arrival (left). The rest of the
barrier resembles a layered structure inclined at 45◦. It is not yet clear what diffraction
processes lead to this kind of structure. To understand these processes, presumably a finer
discretization of the barrier domain is required. The observed asymmetry of the optimized
barrier is the result of the essential asymmetry of the studied problem. For most practical
cases of seismic protection, the direction from which the seismic wave is expected to arrive
is known. However, if this direction is not known, the constraint on the barrier symmetry
should be imposed before the shape optimization is initiated. This present work does not
explore this case.

Unfortunately, increasing the barrier discretization density implies a significant in-
crease in both the time needed to obtain the numerical solution for a given barrier shape
and the number of PF calculations for convergence of the GA. For example, the calculations
presented in Figure 6 (single run of a GA evolution for 1000 generations) required a week
of computational time on a high-performance computer system. For this reason, any sig-
nificant complication of the existing problem will result in the practical impossibility of
obtaining the GA convergence.

At the same time, it is believed that there exists a possibility to significantly reduce
the number of PF computations needed for the evaluation of “good” barrier geometric
shapes. This will require a substantial modification of the GA or its substitution by another
generative algorithm (e.g., indirect evolutionary algorithm [29]).

A crucial aspect of the interaction between mechanical waves and inclusions is the in-
herent multiscale character of this phenomenon. The dimensions of the geometric features
within these inclusions are closely tied to the frequency of the incident waves with which
the inclusions can effectively interact. Therefore, methods that presuppose the possible
existence of certain geometric patterns hold the potential for both significant acceleration
of the algorithm convergence and uncovering highly efficient, intricate geometric config-
urations. The compositional pattern-producing network (CPPN) (see, e.g., [30]) is one of
the generative approaches that can be used to efficiently construct the optimal geometric
shapes for inclusions interacting with waves. At this stage, it is not possible to directly
compare the performance of the developed genetic algorithm to other available generative
algorithms as this will require the implementation of these algorithms to solve the same
problem and the following long-term simulations.

It should also be noted that a wide variety of fundamental and engineering problems
require the optimization of shape in the case when it is not possible to parametrize this shape
with several parameters. For example, this kind of problem appears in the construction of
various protective structures, in the design of metamaterials, in materials engineering, etc.
In most cases, the evaluation of optimal geometric shape results in an attempt to predict
what the optimal shape should be. As demonstrated in this research, even a very simple
GA can be efficiently applied to evaluate extremely nontrivial geometric shapes that cannot
be parameterized.
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