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ABSTRACT

An acoustic metamaterial is developed as a combination
of microperforated panels backed by a cavity with sev-
eral Helmholtz resonators, aimed to achieve high absorp-
tion at low frequencies while maintaining a limited size.
Its design is optimised using three numerical methods:
Markov chain Monte Carlo, genetic algorithms, and neu-
ral networks. The optimization is based on an analytical
description of the system, building the equivalent electro-
acoustic circuit and solving for normal sound incidence.
The free parameters during the optimization processes
are related to the geometry of the components: the dis-
tance between microperforations (which determines the
porosity of the microperforated panels), the depth of the
back cavities, and the neck length and diameter of the
Helmholtz resonators. For all methods, the cost function
quantifies the difference between an ideal absorption coef-
ficient, α0 = 1, and the absorption coefficient of the sys-
tem in the frequency range considered (between 100 Hz
and 1500 Hz). The solutions obtained are validated us-
ing the finite element method in COMSOL Multiphysics.
Optimization approaches are compared in terms of com-
putational cost and performance of the solution.
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1. INTRODUCTION

Sound absorption by resonant acoustic metamaterials
(AMM) has gained increasing attention in the reduction
of low-frequency noise as an alternative to conventional
solutions such as porous materials. Porous materials have
been largely used, but their application in confined spaces,
when targeting low frequencies, is very challenging be-
cause a sizeable thickness is needed to be effective.

To overcome these limitations, and thanks to the de-
velopment of affordable and fast 3-D printing technolo-
gies, the design of resonant AMM has become highly con-
venient. Helmholtz Resonators (HR) are typically used
for noise absorption at specific frequencies adjusting their
geometrical parameters (cavity volume and neck length
and cross-sectional surface area). Microperforated panes
(MPP) are also commonly used in sound absorption appli-
cations as they provide relatively low-frequency sound ab-
sorption with a limited thickness, and in a wider frequency
range than that obtained with HRs. Their absorption fre-
quency range and amplitude depend on the chosen geo-
metrical parameters, namely microperforation size, poros-
ity factor and distance between the microperforated panel
and the rigid backing. Combining HRs with MPPs, large
sound absorption in a wide frequency range, comprising
low and middle frequencies, can be achieved. It is desir-
able, however, to explore different geometries and select
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the one with the best performance.
If an analytical description of the absorber is avail-

able, this can be done by optimization routines such as
Monte Carlo methods (MC), genetic algorithms (GA), or
neural networks (NN). These methods can be classified as
zeroth-order algorithms, as MC and GA, which do not in-
volve derivatives of any analytical function, or first-order
methods, as NN, which typically relies on gradient de-
scent.

In this work, a solution based on a combination of
16 HRs and 4 MPPs is proposed to reduce low-frequency
noise between 100Hz and 1500Hz. The designs obtained
are validated using the finite element method in COMSOL
Multiphysics. The aim is to assess differences among so-
lutions derived from different methods, but also among
computational costs, so the appropriate algorithm can be
applied to optimize future designs.

The paper is organized as follows: the analytical de-
scription of the absorber is presented in Section 2. In
Section 3, the constraints considered for the numerical
optimization are collected and the main features of each
method summarized. Section 4 contains a brief descrip-
tion of the FEM simulation in COMSOL Multiphysics. In
Section 5, the results of the optimizations and numerical
simulations are shown and discussed. Finally, our conclu-
sions are presented in Section 6.

2. ANALYTICAL DESCRIPTION OF THE
ABSORBER

The analytical description of the system is made in
terms of the equivalent electro-acoustic circuit, where
each element is represented by its corresponding acous-
tic impedance. The total impedance of the system, Ztot,
is calculated by summing the individual impedances as
corresponds (in parallel or in series). The absorption co-
efficient at a given frequency can then be written in terms
of Ztot as

α(f) = 1−
∣∣∣∣Ztot(f)− Z0

Ztot(f) + Z0

∣∣∣∣2 , (1)

where Z0 = ρ0 c0 is the characteristic air impedance, with
ρ0 = 1.24 kg/m3 the air density and c0 = 343m/s the
speed of sound in air at 20 ◦C.

In our case, the total impedance of the system is com-
puted considering four MPPHR blocks arranged in paral-
lel. Each MPPHR block consists of a micro-perforated
panel (MPP) in series with four Helmholtz resonators
(HR), see Fig. 1. The cross-sectional area of the HRs

is ℓHR × ℓHR ≡ 30 × 30mm2 so that each MPP panel
is 60 × 60mm2. The neck lengths and diameters of HRs
within an MPPHR block are different among them, but the
same set of four diameters and lengths is considered from
one block to another. In effect, there are sixteen distinct
HRs because the cavity does change from one MPPHR
block to another.

Figure 1. Structure of the proposed acoustic meta-
material. Four MPPs can be distinguised in the up-
per part of the figure as square surfaces; below each
of them, four HRs in series.

The acoustic behaviour of each MPPHR block is de-
scribed by an impedance Zm, where m = 1, ..., 4 refers to
the m−block. Then, the total impedance of the AMM is
given by the parallel sum of the MPPHR impedances [1]

Z−1
tot (f) =

4∑
m=1

Sm

Zm(f)
, Sm = 1/4 (2)

with

Zm(f) = ZMPPm
(f)+

(
1

ZCm
(f)

+

4∑
n=1

Smn

ZHRmn
(f)

)−1

(3)
The factor Sm = 1/4 in Eq.(2) is the ratio between the
cross-sectional area of each MPP versus the total sys-
tem. Similarly, Smn in Eq.(3) refers to the relation be-
tween the cross sectional area of the n−HR compared
to the m−MPP in that block. Finally, ZMPPm

, ZCm
,

and ZHRmn
in Eq.(3) are the impedances associated with

the m−MPP, the backed cavity, and the n− HR in the
m−ensemble.

Regarding MPP, its impedance can be divided into
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real and imaginary parts such as

ZMPPm
(f) = Z0

[
RMPPm

(f) + j XMPPm
(f)

]
(4)

where

RMPPm (f) =
32 η

Z0

tm

σm d2m

√
1 +

k2
m(f)

32
+

√
2 km(f)

8

dm

tm

 , (5)

XMPPm (f) =
2πf

c0

tm

σm

1 +
1√

9 + k2
m(f)/2

+ 0.85
dm

tm

 , (6)

with η = 1.84 × 10−5 Pa s−1 the dynamic viscosity of
air, dm = tm = 0.5mm the diameter of the microperfo-
rations and the thickness of the panel, km approximated
as

km(f) =
dm
2

√
2πf

ρ0
η
, (7)

and σm the porosity of the MPP, defined as the ratio of
void volume and total volume. In this case, σm can be
expressed in terms of the distance between microperfora-
tions, Dm, and their diameter, dm, as

σm =
πd2m
4D2

m

, (8)

The impedance of the cavity between the MPP and the
resonators is purely imaginary and is simply given by

ZCm(f) = −j Z0 cot

[
2πf

c0
lIm

]
, (9)

where lIm is the depth of the cavity. The HR impedance
has also real and imaginary parts so that

ZHRmn
(f) = Z0

[
RHRn

(f) + j XHRmn
(f)

]
(10)

where

RHRn (f) =

√
16π η ρ0 f

Z0 εn

(
1 +

lNn

dNn

)
, εn =

SNn

ℓ2HR

(11)

XHRmn (f) =
2πf

c0 εn
(lNn + δNn )−

c0

2πf lRCmn

(12)

with lNn
and dNn

the neck length and diameter of the
n−resonator, SNn

= π (dNn
/2)

2 the section of the neck,
δNn

= 0.85 dNn
the correction to the neck length (to take

into account radiative effects), and lRCmn determined by

lRCmn
[mm] = 50−2 tm− lIm − εn (lNn

+ δNn
) (13)

3. NUMERICAL OPTIMIZATION

For optimization, the free parameters correspond to the
geometric characteristics of the AMM and they are sub-
jected to the restrictions that are described in the follow-
ing. First, the total height of the sample must be 50mm,

2 tm+lIm+lNn
+lCmn

= 50mm, ∀m, n = 1, . . . , 4,
(14)

with lIm and lCmn satisfying

lIm ≤ 35mm, ∀m = 1, . . . , 4 (15)
lCmn

≥ 3mm, ∀m, n = 1, . . . , 4. (16)

The diameter of the MPP pores and thickness of the panel
must be equal to 0.5mm (due to the experimental restric-
tions),

tm = dm = 0.5mm, ∀m = 1, . . . , 4. (17)

The diameter of the MPP pores must be always smaller
than the distance between microperforations,

dm < Dm, ∀m = 1, . . . , 4. (18)

Taking Eqs.(14)-(18) into account, the ranges of possible
values for the free parameters are:

MPP: lIm = [10.0, 30.0] mm, (19)
Dm = [1.5, 6.0] mm, ∀m = 1, . . . , 4 (20)

HR: lNn
= [1.9, 16.0] mm, (21)

dNn
= [1.0, 17.0] mm, ∀n = 1, . . . , 4 (22)

With respect to the cost function, three scenarios
are considered. Initially, the optimization procedure is
frequency-blind, which means that all frequencies are
equally important. In this case, the cost function is just
the squared sum of the differences between the obtained
absorption at each frequency and the ideal absorption,
α0 = 1:

χ2
1 =

1

σ2
1

Nf∑
n=1

[
α (fn)− α0

]2
, σ2

1 = Nf (23)

However, in order to increase absorption at low frequen-
cies, two alternative frequency-weighted cost functions
are also considered:

χ2
2 =

1

σ2
2

Nf∑
n=1

1

fn

[
α (fn)− α0

]2
, σ2

2 =

Nf∑
n=1

1

fn
(24)

χ2
3 =

1

σ2
3

Nf∑
n=1

1

f2
n

[
α (fn)− α0

]2
, σ2

3 =

Nf∑
n=1

1

f2
n

(25)
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3.1 Markov chain Montecarlo method

The Monte Carlo optimization is divided in two parts con-
sisting of Np/3 and 2Np/3 iterations each, where Np is
the total number of repetitions. During the first stage, ran-
dom combinations of values for the free parameters are
uniformly generated considering the intervals in Eqs.(19)-
(22). Each combination defines a unique design for the
absorber and produces a specific absorption profile in the
frequency range of interest. After computing the absorp-
tion, as stated in section 2, the cost function is evaluated
for this point, χ2

i,n, and compared to the value obtained
for the last candidate to best fit point (BFP), χ2

i . The can-
didate to BFP is replaced by the new point when it is sat-
isfied:

eχ
2
i−χ2

i,n > Random [0, 1] , (26)

where Random [0, 1] stands for a random number be-
tween zero and one, following a uniform distribution.
From Eq.(26), notice that the best solution is not always
kept as BFP. However, in this preliminary part of the opti-
mization, this feature is desirable since it facilitates evad-
ing local minima and, consequently, a more effective scan-
ning of the parameter space.

The second part of the optimization starts with the
best solution of the previous part (which may not be the
current BFP). A Markov-chain procedure is now followed,
where the new solution is generated around the coordi-
nates of the BFP, considering Gaussian distributions cen-
tered at the BFP and with a standard deviation equal to the
1% of the center value. In this case, the BFP is replaced
by the new point only when χ2

i < χ2
i,n.

3.2 Genetic algorithms

GA, introduced by Holland [2] and developed by Gold-
berg, [3], are a technique that mimic the mechanics of the
natural evolution. Once a population of potential solu-
tions is defined, three operators (selection of the fittest,
reproduction or crossover, and mutation) are applied. Iter-
atively, a new population is generated and better results
are obtained until a solution closer to globally optimal
solution is reached. The combination of the survival-of-
the-fittest concept to eliminate unfit characteristics with a
random information exchange and the exploitation of the
knowledge contained in old solutions permit GA to effect
a search mechanism with efficiency and speed. GA are en-
globed in zero-order methods, based on direct evaluations
of the objective function.

The population size is set as four times the number

of design variables, the crossover fraction to 0.6 and the
mutation function is the Adaptive Feasible function im-
plemented in MATLAB. The fitness scaling is done by
ranking. Elitism is considered and set to 1% of the pop-
ulation size. The convergence rate has not been the same
for the three cases, as it took longer (in terms of iterations)
to achieve the optimal solution based on χ2

1 than for the χ2
2

case. To help the optimization process for the χ2
1 case, the

population size has been changed from four to three times
the number of design variables.

3.3 Neural networks

This optimization approach relies on the design of an
autoencoder-like NN model [4], with the encoder and de-
coder defined as follows.

The encoder functions as an inverse model designed
to learn the inverse of the analytical function responsible
for obtaining the absorption coefficient, see Eq.(14) [5].
For this purpose, a straightforward multilayer perceptron
(MLP) is employed. This network takes as input a 1000-
point absorption coefficient and features a hidden layer
with 1500 neurons, utilizing ReLU activation functions.
The output layer, which contains 16 neurons (equivalent to
the number of parameters to optimize), uses sigmoid ac-
tivation functions. The sigmoid functions are adjusted to
ensure that the output adheres to the constraints included
in Section 3. Consequently, the result is a bottleneck made
up of the 16 parameters whose values are subject to opti-
mization.

The decoder directly executes the analytical function
without any learnable parameters. By utilizing the bot-
tleneck as an input, it generates an absorption coefficient
with one point per frequency within the 100 to 1500 Hz
range (i.e., 1401 points).

To train the model, the chi-squared metrics, see
Eqs.(23)-(25), serve as loss functions. The training pro-
cess uses single-sample batches, solely focusing on the
desired case where the absorption coefficient equals one
across the entire frequency range, and does not use
dropout. The rationale lies in the fact that, unlike most ap-
plications, our aim is not to create a generalizable model,
but rather a completely overfitted one. In addition, an
Adam optimizer is applied with an initial learning rate of
10−4 over the course of 1500 epochs (iterations).

4. NUMERICAL SIMULATION BY FEM

To corroborate the absorption of our designs predicted by
the analytical expressions in Section 2, a finite element
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method is implemented by using the software COMSOL
Multiphysics. An Acoustics/Frequency Domain
study is employed, in the frequency range (100 − 1500)
Hz and considering a step of 1 Hz. In the simulation, an
impedance tube of 1m long and 10 cm wide with a piston
in one extreme and the absorber in the opposite extreme
is modeled. The piston is encoded in COMSOL by us-
ing the boundary condition Normal Acceleration.
All the external and internal boundaries are consid-
ered hard boundaries, except for the one associated
with the MPP for which the Microperforated
Plate/Thin Plate is chosen. The HR necks are con-
sidered as Narrow Region/Circular Duct. The
mesh is generated as Physics Controlled, requir-
ing 5 elements per wavelength. Absorption is computed
following the standing wave ratio standard.

5. RESULTS

The geometric parameters of the best solutions obtained
for each cost function and by each method are presented
in Tabs. 1-3 and Figs. 2-4, where analytical predictions
are plotted together with preliminary results obtained by
the FEM with COMSOL Multiphysics. Designs obtained
from the minimization of χ1 are plotted in orange, while
those from χ2 are drawn in blue and the ones from χ3

in green. It is observed that the simulation in COMSOL
does not fully agree with the analytical curve for mid and
high frequencies, which mainly correspond to the regions
where the MPPs act. The authors are currently working
on this, and improved results are expected soon.

For the frequency-blind optimization, related to χ1 in
Eq. (23), it is observed that almost identical solutions are
produced by all the methods. Some differences arise for
the MCMC design in HR1 and HR2, although the value
of χ1 is equal for all the routines. As can be noticed in
Tab. 4, the best average absorption in the total interval of
frequencies is obtained in this case, with almost no differ-
ences among designs.

Regarding χ2, again the solutions coincide for the GA
and NN methods, while the MCMC algorithm differs for
HR1 and HR2. The value of the cost function is identical
for all the optimization methods. Comparing χ2 to χ1, a
higher value is obtained. This is in agreement with the fact
that the average absorption in the full interval of frequen-
cies is significantly lower than in the previous case, see
Tab. 4. However, introducing weights which promote low
frequencies has an impact: the absorption in this range,
from 100 Hz to 400 Hz, has been increased. This solu-

Figure 2. Absorption coefficient between 100Hz
and 1500Hz for the solutions of χ1 and χ2. Analyt-
ical predictions are compared to the numerical simu-
lations in COMSOL Multiphysics.

tion can be interesting if low frequencies have a special
interest in the applications of our design.

Finally, for χ3, the designs obtained by the GA and
NN methods coincide once more, and the MCMC method
differs again in HR1 and HR2. Regarding absorption, as
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Figure 3. Absorption coefficient between 100Hz
and 1500Hz for the solutions of χ1 and χ2. Analyt-
ical predictions are compared to the numerical simu-
lations in COMSOL Multiphysics.

can be observed in Tab. 4, it has been slightly improved in
the low-frequency range for the MCMC and GA designs.
However, the loss in the total interval of frequencies is
so pronounced (with respect to the previous solutions for
χ1 and χ2) that these designs are discarded. This is in
agreement with the fact that the cost function renders a
larger value, compared to χ1 and χ2. As future work,

Figure 4. Absorption coefficient between 100Hz
and 1500Hz for the solutions of χ3. Analytical pre-
dictions are compared to the numerical simulations
in COMSOL Multiphysics.

it is interesting to analyze what power of fn in σi, see
Eqs. (24) and (25), optimizes the absorption ratio between
low frequencies and the total range.

From Figs. 2-4, it can be seen that very little differ-
ence is found among designs obtained with different opti-
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Table 1. Best fit points obtained by the MCMC method. Dimensions are given in milimeters.

MPP1 MPP2 MPP3 MPP4 HR1 HR2 HR3 HR4

D1 lI1 D2 lI2 D3 lI3 D4 lI4 lN1 dN1 lN2 dN2 lN3 dN3 lN4 dN4

χ2
1 = 0.12 3.2 30.0 4.7 27.1 5.8 22.4 6.0 16.2 2.8 2.8 11.2 8.2 13.3 3.3 16.0 15.5

χ2
2 = 0.29 3.8 30.0 6.0 10.6 6.0 20.3 6.0 26.2 10.0 6.2 14.8 4.2 15.7 2.6 16.0 13.5

χ2
3 = 0.40 6.0 10.0 6.0 10.2 6.0 21.4 6.0 30.0 4.9 3.8 12.2 2.0 15.2 3.4 15.3 2.0

Table 2. Best fit points obtained by the GA method. Dimensions are given in milimeters.

MPP1 MPP2 MPP3 MPP4 HR1 HR2 HR3 HR4

D1 lI1 D2 lI2 D3 lI3 D4 lI4 lN1 dN1 lN2 dN2 lN3 dN3 lN4 dN4

χ2
1 = 0.12 3.2 30.0 4.6 26.7 5.8 22.2 6.0 15.7 1.9 4.6 4.6 3.3 11.3 3.0 16.0 15.4

χ2
2 = 0.29 3.8 30.0 6.0 10.2 6.0 20.6 6.0 26.0 1.9 3.2 9.0 3.1 16.0 2.4 16.0 12.6

χ2
3 = 0.40 6.0 10.0 6.0 10.0 6.0 21.6 6.0 30.0 1.9 2.7 6.6 2.4 16.0 2.0 16.0 2.2

Table 3. Best fit points obtained by the NN method. Dimensions are given in milimeters.

MPP1 MPP2 MPP3 MPP4 HR1 HR2 HR3 HR4

D1 lI1 D2 lI2 D3 lI3 D4 lI4 lN1 dN1 lN2 dN2 lN3 dN3 lN4 dN4

χ2
1 = 0.12 3.2 30.0 4.6 26.7 5.8 22.2 6.0 15.7 1.9 4.6 3.6 3.0 9.9 2.8 16.0 15.4

χ2
2 = 0.29 3.8 30.0 6.0 10.2 6.0 20.6 6.0 26.0 1.9 3.2 8.3 3.0 16.0 2.4 16.0 12.6

χ2
3 = 0.40 6.0 10.0 6.0 10.0 6.0 21.6 6.0 30.0 1.9 2.8 6.2 2.3 16.0 2.0 16.0 2.2

Table 4. Average absorption in frequency ranges for all the optimised solutions. Low stands for the frequency
interval 100− 400 Hz, high for 400− 1500 Hz, and all 100− 1500.

MCMC GA NN

χ2
i αlow αhigh αall χ2

i αlow αhigh αall χ2
i αlow αhigh αall

i = 1 0.12 0.37 0.83 0.73 0.12 0.38 0.83 0.73 0.12 0.38 0.83 0.73

i = 2 0.29 0.40 0.75 0.68 0.29 0.39 0.75 0.68 0.29 0.40 0.75 0.68

i = 3 0.40 0.43 0.62 0.57 0.40 0.42 0.62 0.58 0.40 0.40 0.62 0.57
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mization methods, but large variations can be observed be-
tween those associated with different cost functions. The
designs obtained from χ1 focus on increasing absorption
at mid and high frequencies, which can be easily done by
adjusting appropriately the geometric parameters of the
MPPs. Conversely, in the case of χ2 and χ3, where ab-
sorption at low frequencies is preferred, it is observed how
mid and high frequencies are progressively compromised
to favour it. The result is higher peaks at low frequen-
cies at the expense of absorption in the resting frequen-
cies, where some deep valleys appear centered at ∼ 1000
Hz, in the case of χ2, and ∼ 550 Hz and ∼ 1050 Hz, for
χ3. From Tab. 4, it can be concluded that, while the im-
provement may be worthy in the case of χ2, the solution
for χ3 turns out to be less compelling.

Fig. 5 compares the efficiency of the three methods
through the convergence of the solutions with the iteration
number for one representative case, namely χ2. For a total
number of 3500 iterations, it can be clearly seen that GA
and NN algorithms converge substantially faster than the
MCMC routine, for which, as mentioned in section 3.1,
the first Np/3 iterations are dedicated to randomly scan-
ning the parameter space. This is the reason why, for this
method, a convergence pattern like the one exhibited by
the GA and NN algorithms does not appear until iteration
∼ 1000.

Figure 5. Convergence of the three methods for the
χ2 solution.

6. CONCLUSIONS

An acoustic metamaterial is developed and optimized to
improve its absorption at low frequencies using three nu-

merical methods and three distinct cost functions. While
no substantial variations are found among designs ob-
tained from different algorithms, significant modifications
in the absorption take place when the cost function is al-
tered. The maximum absorption in the whole range of
frequencies is reached for a frequency-blind optimization
although, in this case, frequencies below 400 Hz remain
partially uncovered. The situation improves when consid-
ering a frequency-weighted cost function, but at the ex-
pense of reducing absorption in the total range of frequen-
cies. The efficiency of the methods is discussed in terms
of convergence of the cost function per iteration. GA and
NN exhibit the best performance.
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