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ABSTRACT:

This work proposes a method to predict the sound absorption coefficient of finite porous absorbers using a residual
neural network and a single-layer microphone array. The goal is to mitigate the discrepancies between predicted and
measured data due to the finite-size effect for a wide range of rectangular absorbers with varying dimensions and
flow resistivity and for various source-receiver locations. Data for training, validation, and testing are generated with
a boundary element model consisting of a baffled porous layer on a rigid backing using the Delany—Bazley—Miki
model. In effect, the network learns relevant features from the array pressure amplitude to predict the sound absorp-
tion as if the porous material were infinite. The method’s performance is quantified with the error between the pre-
dicted and theoretical sound absorption coefficients and compared with the two-microphone method. For array
distances close to the porous sample, the proposed method performs at least as well as the two-microphone method
and significantly better than it for frequencies below 400 Hz and small absorber sizes (e.g., 20 x 20 cm?). The signifi-
cance of the study lies in the possibility of measuring sound absorption on-site in the presence of strong edge diffrac-
tion. © 2023 Acoustical Society of America. https://doi.org/10.1121/10.0021333

(Received 7 April 2023; revised 20 September 2023; accepted 25 September 2023; published online 16 October 2023)
[Editor: Zoi-Heleni Michalopoulou] Pages: 2321-2332

. INTRODUCTION the so-called “edge-diffraction effect” (or “finite-size
effect”) leads to bias errors between prediction and experi-
mental data (de Bruijn, 1973; Thomasson, 1980). This bias
is negligible at high frequencies with a much smaller wave-
length than the sample size.

Considerable effort has been put into the problem of
measuring the sound absorption of finite-size samples in
situ. In particular, previous studies have compared experi-
mental data with boundary element method (BEM) simula-
tions to describe and account for the edge-diffraction effect
(see, e.g., Brandao et al., 2012; Hirosawa et al., 2009; Luo
et al., 2020; Otsuru et al., 2009). Recent studies have

Free-field or in situ methods of measuring the sound
absorption of acoustic materials aim at inferring the absorp-
tion properties (e.g., surface impedance and reflection and
absorption coefficients) from measurements of the sound
field in the vicinity of the measurement sample (Alkmim
et al., 2021; Allard and Sieben, 1985; Brandao et al., 2015;
Li and Hodgson, 1997; Mommertz, 1995). Although not
standardized, the attractiveness of these methods lies in the
fact that they provide angle-dependent absorption data
[which cannot be measured with standardized methods
(ISO, 1998, 2003)] and are applicable for materials mounted
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for their intended application. In situ methods rely on a
mathematical model of the sound field above the material
and generally assume the sample is much larger than
the wavelength, i.e., the reflected field is predominantly
specular. In the low- to the mid-frequency range, such an
assumption is violated due to the sample’s finiteness, and

DPortions of this work were presented in “Learning the finite size effect for
in-situ absorption measurement,” Proceedings of Euronoise 2021,
Madeira, Portugal—online.
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attempted to characterize the edge-diffraction effect experi-
mentally (Ottink et al., 2016; Richard et al., 2017) and
numerically (Brandao and Fernandez-Grande, 2022). These
studies rely on a model of the sound field/absorber (or
hypotheses on the measurement scenario). Fewer studies
have used data to learn the edge-diffraction effect (Miiller-
Giebeler and Vorlander, 2021; Zea et al., 2021).

Machine learning (ML) has been successfully applied
in several acoustical problems (Bianco et al., 2019), as dem-
onstrated in the recent special issue of The Journal of The
Acoustical Society of America (Michalopoulou et al., 2021).

© 2023 Acoustical Society of America 2321
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Related works have studied the prediction of room-
acoustical parameters (Gotz et al., 2022; Yu and Kleijn,
2021) and mean room sound absorption (Foy et al., 2021)
from room impulse responses, as well as the prediction of
porous material parameters from ultrasonic images
(Lahivaara et al., 2018), and transport parameters of fibrous
materials from x-ray images (Jeon et al., 2021). This paper
proposes an ML-based approach to predict the sound
absorption coefficient of finite porous samples. The strength
of the proposed method is that it removes the finite-size
effect without additional hypotheses on the sound field or
the absorber.

This study uses a residual neural network to map the
sound pressure field above the finite absorber to its sound
absorption coefficient. The main goal is to suppress the
edge-diffraction effect from the measurement by learning
features from the pressure field that are relevant to predict
the sound absorption coefficient as if the sample were infi-
nite. The network consists of a simplified ResNet architec-
ture (He et al., 2016a,b), which allows testing well-studied
ML models with a reasonable input size (here, the sound
pressure spectra in 12 x 12 microphone positions). The
model is trained and tested with data generated with a
parameterized BEM model. The BEM simulation predicts
the sound pressure emitted by a monopole above baffled,
rectangular porous samples with uniform surface impedance
over the sample. The parameters of the BEM model include
the size and absorption characteristics of the sample, the
sound source, and the receiver’s distances and orientations
relative to the sample. Furthermore, the trained model sensi-
tivity is investigated regarding Gaussian noise and data out-
side the training set. The performance of the proposed
network is compared with the two-microphone method as a
benchmark (Allard and Sieben, 1985).

The outline of the paper is as follows. Section II
describes the generation of the training, validation, and test-
ing datasets via BEM. Section III describes the proposed
method. Section IV shows the results of training and testing
the proposed method, including a comparison with the two-
microphone method, and Sec. V includes a sensitivity analy-
sis. Conclusions are drawn in Sec. VI.

Il. SOUND FIELD MODEL
A. Boundary element model

A simplified BEM model is considered, shown in
Fig. 1, in which a point source is located at rq = (xg,¥q, Zq)
and a receiver is located at r = (x,y,z). The receiver posi-
tions correspond to the microphone array, used as data for
training and testing, and the two-microphone method, used
as benchmark data. A finite rectangular absorber sample of
dimensions L, X L, x d is flush mounted to an infinite hard
baffle at z=0. The boundary condition in the upper half-
space is free-field. The time-harmonic factor e/’ is omitted
throughout.

The sound pressure, p(r), can be written as the
Helmbholtz/Huygens integral

2322  J. Acoust. Soc. Am. 154 (4), October 2023
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FIG. 1. (Color online) Schematic of the BEM simulation. The point source
(red) at ry excites the sound field at incidence angle (¢, 0). The absorber
(orange) is baffled at z=0cm, with dimensions L, x L, x d. The micro-
phone array (blue) is centered at (0, 0, 2) cm and has 12 x 12 microphones
spaced by A =35cm. The receivers of the two-microphone method (yellow)
are placed at (0, 0, 1) cm and (0, 0, 3) cm. In this example, the receiver r
for the BEM calculation is Mic 2.
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where kg = 27f /¢y is the acoustic wavenumber, f is the fre-
quency, c¢o the speed of sound in air, j=+v—1, |

= /Y| |? is the £,-norm of the vector, S is the surface

boundary of the absorber, and Z; is the surface impedance of
the finite sample. The receiver point r can be located above
or on the sample surface, and r; is any point at the surface
of the finite sample.

The first term on the right-hand side of Eq. (1) is the
Green’s function between the sound source and the receiver.
The second term is the Green’s function between the image
sound source, at ry = (Xq,yq, —Zq), and the receiver.
Together they form the sound field with only the infinite,
hard baffle as if the sample itself were absent. The last term
carries information about the absorption and diffraction of
the finite absorber, formulated as an integral over the finite
absorber area. Discretizing the surface of the sample into N
square elements and assuming that p(ry) is constant over
each element, Eq. (1) becomes

eikollrrgll  g-ikollr—r]
CQW&)=|

+
Ir—rgll  [fr—rgll

ko o llr—r, |
JkO e Jko

0 . T ()
Z&‘ Zp(rsn) X JS,, 47'c||r -y, n ( )

° n=1

where the collocation method is used by placing r = r,, at
n=1,2,....N on the surface of the sample, with
¢(r) = 0.5. Thus, a system of equations is formed, and the
surface pressure, p(rs,), at each element, can be found.

Zea et al.
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Once the surface pressure is known, it can be re-inserted
into Eq. (2) to calculate the pressure at any receiver point
for z > 0, with ¢(r) = 1.0.

The absorption term is modeled by a prescribed surface
impedance, Z,, constant across the finite sample’s surface.
The characteristic impedance and wavenumber for the
porous material are computed with the Delany—Bazley—Miki
(DBM) model (Miki, 1990) as

Z,(f) = poco(1 + 5.50570032 — j§.43570032), 3)
ky(f) = ko (1 +7.81¢70018 — j11.41570018) @

where ¢ = ¢(f,0) = 10°f /o, po is the air density, and o is
the flow resistivity of the sample.

In the following, let us assume a hard-backed porous
layer of thickness d and a uniform surface impedance over
the sample. Thus, for a given angle of incidence 0, the sur-
face impedance and absorption spectra can be calculated
according to Allard and Atalla (2009), as

Z(f) = —jczpi)cot[kp(f)dcos 0], )

os (60,)
2,(f) 05 (0) — poco |

) =1 =17 ) cos (0)  poco

(6)

where 0, = arcsin[(ko/k,) sin (0)].

The values of a(f) in Eq. (6) constitute the reference
absorption spectra, which are used as the labels (outputs) of
the ML model during training. Thus, the training set com-
prises sound fields of flushed porous absorbers following the
DBM model. This does not guarantee that an ML approach
trained with such data generalizes well to other material
models.

An array of 12 x 12 receivers is considered in this
study. The array aperture is 0.6 x 0.6 m, and the receivers
are spaced by A=5cm and placed at a distance of 2cm
above the sample surface. The receiver spacing prevents
spatial aliasing up to the frequency fuax = co/(2A)." The
highest simulated frequency is 2 kHz, with six boundary ele-
ments per wavelength. The integrals in Eq. (2) are calcu-
lated with linear interpolation and Gauss—Legendre
quadrature with 36 points on each element (Atalla and
Sgard, 2015; Wu, 2000). With the implemented configura-
tion, the quadrature points do not coincide with the element
center, which avoids singularities. Experimental validation
for such BEM simulations using single point estimates can
be found in Brandao er al. (2012).

In the present paper, the values of d and ¢ used in the
BEM model are drawn from a log-uniform distribution, so
the sound absorption function is sampled smoothly. For the
range of material parameters found in practical scenarios,
the sound absorption function of the DBM material model
can have sharp changes for low values of thickness d and
flow resistivity o, especially at frequencies above 1600 Hz.
If the samples in the training set correspond to values of d

J. Acoust. Soc. Am. 154 (4), October 2023
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FIG. 2. (Color online) Influence of the sampling distribution of absorber
thickness d and flow resistivity ¢ on the sound absorption coefficient func-
tion of the Delany-Bazley—Miki model (Miki, 1990) at 500Hz. (a)
Realization with uniform sampling. (b) Realization with log-uniform
sampling.

and ¢ drawn from a uniform distribution, there is a risk that
the absorption function is not sufficiently sampled when d
and o are small. This can cause difficulties for the network
to generalize to cases in that (d,o) region, as concluded
from (Zea et al., 2021). A comparison between realizations
of the two distributions is shown in Fig. 2. It can be
observed that the sound absorption function is sampled
more smoothly using the log-uniform distribution.

B. Datasets

A total of 330000 sound field simulations above finite
absorbers® have been computed with the BEM model from
Sec. ITA. Out of these, 300000 simulations correspond to
the training (7) and validation (V) datasets, 15000 to the
interpolation (/) dataset, and the remaining 15000 to the
extrapolation (X) dataset. The I and X datasets are test sets;
thus, they assess the network’s generalizability. A summary
of the BEM model parameters is found in Table 1. All data-
sets (T, V, I, and X) share the same sampling distributions of
the sample size, thickness, flow resistivity, source azimuth/
elevation angles, number of microphones, and microphone
spacing. Each sound field simulation is run at the 14 center
frequencies of 1/3 octave bands from 100 Hz to 2000 Hz.

TABLE 1. Parameters of the BEM model used to generate the training (7),
validation (V), interpolation (/), and extrapolation (X) datasets.

Parameter Value Sampling Datasets
Sample side L, [cm] [20, 100] Uniform TVIX
Sample side L, [cm] 20, 100] Uniform TVIX
Thickness d [mm] [5,200] Log-uniform TVIX
Flow res. ¢ [kNs/m"] [5,100] Log-uniform TVIX
Source distance ||rq|| [m] [1.2,1.8] Uniform VI
[0.7,2.3] Uniform X
Source azimuth ¢ [deg.] [0,360) Uniform TVIX
Source elevation 0 [deg.] [0, 80] Uniform TVIX
No. microphones [—] 12 x12 Grid TVIX
Mic spacing A [cm] 5 — TVIX
Array distance z [cm] 2 - TvVI
[2,20] Uniform X
Array rotation [deg.] 0 — VI
[—90,90] Uniform X

Zeaetal. 2323
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1. Training and validation datasets

The training and validation datasets have 240000 and
60000 instances, respectively, and are obtained using the
BEM parameters in Table I following the datasets T and V.
The BEM computations are done in two main steps: (i)
assembling the BEM matrix and (ii) computing the surface
impedance, the absorption coefficient, and the pressure field.
The first step is independent of the material properties and
the source and microphone array configuration. This signifi-
cantly accelerates the computations by choosing 3000 base
cases with fixed (but random) absorber sizes and pre-
assembling their corresponding BEM matrices. Then, each
base case is run for 100 random combinations of the rest of
the BEM parameters.

2. Interpolation dataset

The interpolation test set contains 15 000 instances gen-
erated with the same BEM model parameters as those in the
training set (following the dataset I in Table I). The only dif-
ference is that the absorber sizes do not correspond to the
3000 base cases from the training set but rather an additional
15000 random sizes and parameters. This dataset assesses
the models’ performance against absorber sizes not seen in
the training set.

3. Extrapolation dataset

As with the interpolation set, the extrapolation set con-
tains 15000 additional instances, generated with the BEM
model parameters chosen for the training set (following the
dataset X in Table I) with three differences:

* Expanded range of source distances: from ||r,]|
€[1.2,1.8] mto [0.7,2.3] m.

e Varying range of array distances: from z=2cm to
z € [2,20] cm.

* Varying range of array rotations: from no rotation to
[—90°, 90°] rotations.

This dataset assesses the model’s performance against
unseen absorber sizes, source distances, array distances, and
array rotations.

lll. CONVOLUTIONAL NEURAL NETWORKS

In supervised learning, neural networks have been
widely applied to establish nonlinear mappings between
acoustical quantities. In particular, convolutional neural net-
works (CNNs) (LeCun et al., 1989) aim at learning local
features from the data at multiple resolution levels and
exploit these features for classification or regression (LeCun
et al., 2015). In contrast to fully connected neural networks
(e.g., multi-layer perceptron), CNNs enable shift-invariant
processing of high-dimensional data with fewer operations
(Liu et al., 2017). The cost reduction is achieved by sharing
weights and using shift-invariant filters (Goodfellow et al.,
2016). Indeed, it has been shown in the literature that learn-
ing shift-invariant features is highly relevant for sound field

2324  J. Acoust. Soc. Am. 154 (4), October 2023

reconstruction with microphone arrays (Hahmann et al.,
2021).

The building block of a CNN, the convolutional layer,
consists of a convolution between input feature maps and a
weighted kernel (or filter), followed by an activation func-
tion. In mathematical terms, we have

I
g§’>=¢<zg§’”@wﬁhbf’)), j=lien T ()
i=1

where g,(-l_1> is the ith input feature map to the /th layer, with
spatial dimensions W;_; x H;_;. The symbol & denotes
two-dimensional convolution, and bjl contains the bias
added in the jth feature map of the /th layer. The convolu-
tion kernel at the /th layer, wj(-l-l), has size U; x K; (typically
smaller than the spatial dimensions of the input,
W,_1 x H;_1), and it is applied to the input feature maps
gEFI ,i=1,...,Z,_1. The J, output feature maps corre-
sponding to the /th layer are obtained by computing Eq. (7)
with the filter kernels w;l-l), j=1,....7;. The activation
function ¢(-) makes the map non-linear; an example is the
rectified linear unit (ReLU), ¢(-) = max{-,0} (Nair and
Hinton, 2010).

A. Deep residual learning

The justification for adopting residual learning in this
study is to extract multiple features at different resolution
levels—relevant to map the edge-diffracted sound field to
the sound absorption coefficient while optimizing the num-
ber of computations and preventing the vanishing gradient
problem (Hochreiter, 1991). Empirical evidence shows that
deeper networks perform worse beyond a certain number of
layers than their shallower counterparts (He et al., 2016a).
He et al. introduced residual learning to counteract this issue
without sacrificing computational cost and performance.
The idea is to introduce residual blocks, which add a
“shortcut” (skip connection) from the input to the output of
the block. In essence, residual learning allows the network
to learn the identity function without adding trainable
parameters, so the performance of a (D + 1)-depth network
is at least as good as that of a D-depth network.

A typical residual block consists of two branches. A
skip connection branch entails an identity map, and a feature
extraction branch entails a sequence of a point-wise 1 x 1
convolution,® a convolutional layer, and another point-wise
convolution (He et al., 2016a). In mathematical terms, the
j=1,...,J, feature maps at the output of the residual block
are defined as

I
I} -1 ! ! -3
g = ¢<2g5 ow)! +b.§)> g ®
i=1

1

where g_](.l_3) is the jth feature map of the input to the residual
block. Note that Eq. (8) assumes that the skip connection
and feature extraction branches have the same number of
output maps, i.e., Z;_» = J;. When this is not the case, a

Zea et al.
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FIG. 3. (Color online) Schematic of the neural network proposed in this paper. Input layer: 12 x 12 sound pressure field at center frequencies of 1/3 octave
bands from 100 to 2000 Hz. Output layer: sound absorption coefficient at said frequencies. Top-left: the convolution between the input pressure field and the

kernel yields the (3, 3)th element of the feature map.

point-wise convolution is applied to the input feature maps
(e.g., Proj — 1 block in Fig. 3).

B. Proposed model

The proposed architecture, shown in Fig. 3, consists of
a deep CNN with four residual blocks and 17 layers, similar
in spirit to the ResNet model (He ez al., 2016a). As shown in
Fig. 3, three identity residual blocks and one linear projec-
tion block are used, with batch normalization to bound the
statistical moments of the feature maps across layers (Ioffe
and Szegedy, 2015).

As shown on the left of Fig. 3, the inputs contain the mag-
nitude of the frequency-dependent pressure fields in F =14
two-dimensional images, |p(r, )| € R'**'**! ‘and the exam-
ple on the top-left illustrates one of the output feature maps in
the first convolutional layer. The right of Fig. 3 shows the net-
work output with the frequency-dependent sound absorption
coefficients in a vector, a(f) € R'. Essentially, the model is
trained to learn the map: a(f) = NN{|p(r,f)|}.

Note that a single-layer microphone array is used, in
contrast to acoustic holography-based methods, e.g.,
Hirosawa et al. (2009), Nolan (2020), Ottink et al. (2016),
and Tamura (1990), that use multiple layers to separate inci-
dent from reflected fields. The absolute pressure field is also
used instead of the complex-valued pressure field. The moti-
vation behind these choices is to reduce the size of the input
(number of sensor positions and input channels) and, conse-
quently, the number of trainable parameters and training
time of the network. It is worth mentioning that CNNs are
discretization-variant methods; thus, their accuracy is gener-
ally proportional to the image dimensions used for training.

J. Acoust. Soc. Am. 154 (4), October 2023

In the development of this work, it has been observed
that models with residual learning perform better than those
without [e.g., LeNet-like (Zea et al., 2021)]. Other interest-
ing approaches include residual learning blocks from the
Inception (Szegedy et al., 2015), Xception (Chollet, 2017),
and Inception-ResNet (Szegedy et al., 2017) models. It has
been observed from the data in the present study that differ-
ences in performance are marginal across models with dif-
ferent residual blocks. A comparison of the performance
across these models is out of the scope of the present paper.

The proposed neural network has 239274 trainable
parameters and is trained with a batch size of B =128. The
loss function is the mean-squared error (MSE),

MSE =

1 F
B F 2 2 (=) ©
i=1 j=1

where o ; is the reference sound absorption coefficient at the
Jjth frequency of the ith instance of the batch (see Sec.
IIB1); and oc:/- is the corresponding absorption coefficient
predicted with the proposed model. The MSE is chosen in
this study as it is a customary choice in statistical regression
problems (Goodfellow et al., 2016) and indicates the vari-
ance between the predicted and reference sound absorption
coefficients.

The network weights are optimized with the training set
using the Adam optimizer (Kingma and Ba, 2015) as its per-
formance is superior to other optimizers tested in this work.
The initial learning rate is set to 1073, and no learning
schedule is used. For validation and testing with unseen
data, the metrics computed are the MSE and the mean abso-
lute error (MAE),

Zeaetal. 2325
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FIG. 4. Mean-squared error (MSE) versus epochs for varying sizes of the training set (100%, 50%, and 10%) with the proposed method. (a) Training loss.

(b) Validation loss.
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IV. RESULTS

The network’s development, training, and testing are
done with the KErAs deep learning library (Chollet, 2015).
The code is run in Google Colab, setting 32 GB RAM and
GPU hardware acceleration (NVIDIA T4). With these set-
tings, it takes approximately 26 s per epoch to train with the
training dataset of 240000 absorbers. The network’s
weights are initialized with KEras’s default uniform initial-
izer XAVIER, and training is stopped at 200 epochs as the vali-
dation loss converges at this point.

A. Training and validation results

To assess the impact of the size of the training set on
the learning, the proposed network is trained with 100%,
50%, and 10% of the training set, resulting in models
M, M 5, and My g, respectively. Figure 4 shows the cor-
responding learning curves.

As shown in Fig. 4(a), the training loss converges more
slowly and to a larger value as the training dataset becomes
smaller. It can be seen that the three models reach a training
loss of 2 x 10~* at approximately 20, 40, and 160 epochs;
in close correspondence with the dataset sizes (1 : 2 : 10). A
similar observation can be drawn from the validation loss in
Fig. 4(b). Nevertheless, the differences between the models
M; and M, ,, are relatively marginal, suggesting that the
training performance might reach a limit of no substantial
improvement beyond half the training dataset. The valida-
tion loss suggests that, after 200 epochs, the network will
likely learn noise from the data, eventually leading to an
overfitted model.

The dataset size also influences the training speed:
fewer batches per epoch imply quicker training. Model M,
takes about 13s per epoch, while model Mo takes about
3s per epoch using the GPU resources in Google Colab.
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Recall that model M, takes 26 s per epoch with the complete
training set.

B. Performance with interpolation and extrapolation
sets

Table II shows the performance metrics for the pro-
posed model and the two test datasets. The extrapolation test
set is more challenging for the network since it represents
parameters drawn from a wider distribution than those used
for training (see Secs. IIB2 and II B 3). This is likely why
the MSE values are two orders of magnitude larger with the
extrapolation test set than the interpolation test set.

When tested with the interpolation dataset, it can be
seen that the MSE of the models M; and M, /, are margin-
ally close, within a 5 x 107> difference. The MSE of the
model Mo differs by approximately 5 x 10~* from those
of M; and M, ;. A similar observation can be drawn from
the MAE of M, o, which is about twice that of the M; and
M, ;. Regarding the extrapolation dataset, the MSE and
MAE values for the three models are rather uniform, within
5x 1072 and 2 x 107!, respectively, and do not vary as
much as with the interpolation dataset. It can be argued that
the unseen data in the extrapolation dataset, in contrast to
the seen data in the training dataset (cf. Table 1), causes the
error metrics in Table II to be similar despite the different
size of the training sets. Another result that can be pointed

TABLE II. Mean-squared error (MSE) and mean-absolute error (MAE) for
the proposed model trained with 100% (M), 50% (M, 2), and 10% (M, /1)
of the training set, and tested with the interpolation (/) and extrapolation (X)
datasets. The MSE values at the 200th epoch of the training (7) and valida-
tion (V) loss are shown for comparison.

Dataset Metric M; M, M 10
T MSE 3.9 %1077 5.6 x 107 1.5x 107*
1% MSE 29 x107* 34 %1074 8.4 x 1074
I MSE 2.8 x107* 33 x 1074 8.3 x107*
MAE 1 %1072 1.2 x 1072 1.9 x 1072
X MSE 4.9 %1072 5.3 x 1072 5.6 x 1072
MAE 1.6 x 107! 1.7 x 107! 1.8 x 107!
Zea et al.
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out here is that the models M; and M, have a relatively
similar statistical performance, which suggests that far less
training data is sufficient.

C. Prediction of sound absorption coefficients

This section compares the proposed method’s predictive
performance against the two-microphone method for a few
absorbers from the interpolation and extrapolation datasets.
As shown in Fig. 1 and mentioned in the Appendix, the posi-
tions of the receivers in the two-microphone method are
kept fixed for all the cases, at 1 and 3 cm above the center of
the sample.

Figure 5 compares the sound absorption coefficients for
one sample from the interpolation dataset. A 3D view of the
BEM model and the pressure field inputs are also shown in
Figs. 5(a) and 5(b), respectively. The sound absorption
curves in Fig. 5(c) are obtained with the analytical model
according to (Allard and Atalla, 2009) [see Eq. (6)]; with
the two-microphone method (Allard and Sieben, 1985); and
with the proposed network trained with 100% of the training
dataset (M;). An excellent agreement can be observed
between the sound absorption coefficients predicted by the
network and the analytical model, indicating that the pro-
posed method can effectively mitigate the finite-size effect.
This is also expected from the results in Table II. However,
more significant discrepancies are observed with the two-
microphone method, attributed to the edge diffraction
effects captured by the receivers.

Figure 6 shows the corresponding results for two
absorbers from the extrapolation dataset. The sound absorp-
tion coefficient of the first case, shown in Fig. 6(c), is under-
estimated by the two-microphone method. Indeed, this is a
case where strong finite-size effects are present at the micro-
phones due to the oblique incidence angle of the sound
source, which also challenges the plane wave assumption of
the two-microphone method. In addition, a tendency of the
two-microphone method to underestimate the sound absorp-
tion of highly reflecting samples has been observed, e.g.,
Alkmim et al. (2021). In contrast, the proposed method
demonstrates an excellent agreement with the analytical

model. This can be attributed to the array distance being
4.4 cm, which is not far from the distance of 2cm chosen in
the training set. The network generalizes well to unseen source
distance and array rotations for this particular absorber.

The scenario of the second absorber, shown in the bot-
tom row of Fig. 6, is particularly challenging for the proposed
method because the array distance from the sample is
17.7 cm, almost nine times further than the distance chosen
in the training set. Additionally, the source distance,
lry]] = 1.1m, lies outside the range of the distances chosen
in the training set (between 1.2 and 1.8 m). This likely causes
the proposed method to overestimate the sound absorption
obtained with the analytical model at all frequencies, imply-
ing that the network cannot generalize well for this measure-
ment scenario. The sound absorption coefficients predicted
by the two-microphone method agree reasonably well with
those predicted by the analytical model. Nevertheless, more
substantial variations in the performance could arise if the
two microphones were placed further away from the sample
(Brandao et al., 2012). Section V B includes a detailed analy-
sis of the sensitivity of the proposed method against unseen
data, which further supports these results.

V. SENSITIVITY ANALYSIS

This section examines the sensitivity of the proposed
model to measurement noise and unseen data. The model
chosen for the analysis is M;.

A. Measurement noise

To examine the predictive performance of the proposed
model against measurement noise, the sound pressure field
p(f) € CM at the M microphone positions of the array is
artificially contaminated with noise at frequency f,

P.(f) = p(f) + e(f), (11

where the noise vector e(f) € C" is complex Gaussian with
zero mean and variance E(f), according to a given signal-to-
noise ratio (SNR). The SNR is defined as
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FIG. 5. (Color online) (a) 3D view of the BEM model, (b) input pressure fields, and (c) sound absorption coefficient spectrum of an absorber from the inter-
polation set: L, =43 cm, L,=73cm, ¢ = 38.9kNs/m*, d=10.3cm, ||ry| = 1.5m, 0 = 10.9°, ¢ =297.6°, and z=2cm.
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FIG. 6. (Color online) (a), (d) 3D view of the BEM model, (b), (e) input pressure fields, and (c), (f) sound absorption coefficients of two absorbers from the
extrapolation set. (Top row) L, =92cm, L, = 90.7cm, ¢ = 78.7kN s/m*, d=7mm, [Irg]l = 1.38 m, 0 = 61.6°, ¢ = 188.8°, z=4.4cm, and the array is
rotated by 7.1°. (Bottom row) L, = 43.2cm, L, = 95.1cm, 0 = 47.3 kN's/m* d=2.8cm, Irgll = 1.1 m, 6 =71.1°, ¢ = 338.8°, z=17.7 cm, and the array

is rotated by 1.7°.

P
SNR = 1010g10E—(f;, (12)

where P(f) = ||p(f)||*/M is the array signal power at fre-
quency f. The noise variance is thus obtained via Eq. (12) as
E(f) = P(f) x 107SNR/10 Note that the absolute sound pres-
sure used as input for the CNN model is computed after add-
ing the noise, i.e., taking the absolute value of Eq. (11).

The noise is added in a frequency-dependent manner,
i.e., different random realizations per frequency, and in a
sensor-independent way using the signal power of the pres-
sure field per frequency. The SNR values range from O to
30 dB, with 5 dB increments.

Figure 7 summarizes the performance metrics (MSE
and MAE) for both interpolation and extrapolation test sets
and the various SNR values. The MSE with the interpolation
dataset deteriorates much more strongly with decreasing
SNR than with the extrapolation dataset. This suggests that
noise in the interpolation set dominates the differences in
MSE across SNR values. As will later be shown in Sec. VB,
the proposed method is agnostic to unseen array distance up
to around 4-5 cm, and beyond this distance, its performance
deteriorates regardless of the SNR. In contrast, when the
network is exposed to unseen information, as with the
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extrapolation set, the MSE does not change as much across
SNR values. A similar observation can be made with the
MAE metric.

B. Noisy measurements for extrapolation set

This last analysis examines the performance of the pro-
posed method in the presence of measurement noise, empha-
sizing unseen data during the training phase and a

~~

6===%:::%:--§:---><---—><---—><

Metric

FIG. 7. Mean-squared error (MSE) and mean-absolute error (MAE) against
signal-to-noise ratio (SNR) for the interpolation (/) and extrapolation (X)
sets.
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comparison with the two-microphone method. As presented
in Sec. II B 3, the source distance, array distance, and array
rotation in the extrapolation test set are varied outside the
range of the parameters used to generate the training set.
The extrapolation dataset is clustered into discrete intervals
of source distances, array distances, and array rotations. The
MSE is calculated for each cluster of parameters and SNR
values considered in Sec. V A. Figure 8 summarizes the
results.

It can be seen that the MSE increases with decreasing
SNR in all cases. Nevertheless, the MSE difference in the
absence and presence of noise with 25dB SNR is relatively
marginal. Interestingly, as shown in Figs. 8(a) and 8(c), the
MSE curves are more or less constant across source distan-
ces and array rotations, respectively, for each of the SNR
values. This means the proposed model can generalize well
to unseen source distances and array rotations. It can be con-
jectured that the various incidence angles of the source in
the training set help the network learn features similar to
those in sound fields with rotated arrays, thus allowing the
proposed method to predict sound absorption regardless of
the array rotation accurately.

As shown in Fig. 8(b), however, there is a trend of
increasing MSE (i.e., overfitting) with increasing array dis-
tance, noticeable for less noisy measurements (e.g., SNR
> 25 dB). This observation supports the noiseless results in
Figs. 6(c) and 6(e), where the proposed model performs better
when the array is closer to 2 cm (i.e., the distance used in the
BEM model to generate the training set). In particular, the
MSE performance in Fig. 8(b) is relatively similar up to array
distances of 5cm, with variations on the order of 5 x 1072,
The increase in MSE of Fig. 8(b) is gentle and suggests that
the model is not overfitting too much. At any rate, the pro-
posed model is suspected of having more difficulties general-
izing to a new range of array distances than an expanded set
of source distances. Similar results have been observed with
the MAE metric, not shown here for conciseness.

Additionally, the proposed and the two-microphone
models are compared in Fig. 9, considering five frequencies
and four clusters of array distances. The central learning is
the interplay between frequencies and edge-diffraction and
between array distance and overfitting, and how these

determine the statistical performance of the proposed
method and the two-microphone method. At 125 and
250 Hz, the proposed method has more counts of smaller
errors compared to the two-microphone method. For the
array distance cluster of z=3cm (top row of Fig. 9), the
neural network performs at least as well as the two-
microphone method at all frequencies. However, similar to
the results in Sec. IV C and Fig. 6(f), the bottom rows of
Fig. 9 show that the performance of the proposed method
deteriorates due to the pressure field at unseen array distan-
ces, in particular at frequencies beyond 500 Hz, rendering
the two-microphone method more accurate. That the two-
microphone method performs worse (better) at low (high)
frequencies corroborates the stronger (weaker) contribution
of edge diffraction to the sound field. It is worth noting that
the error distributions of the two-microphone method differ
slightly row-wise, although the array distance variable is
meaningless for this method. This is likely because no com-
bination of BEM parameters is identical in the extrapolation
dataset.

Another way to understand this result is from the per-
spective of the area of the sample. It is known that as the
absorber size exceeds the acoustic wavelength, the micro-
phones hardly capture the diffracted sound field, and the
two-microphone method approximates the sound absorption
coefficient as if the sample were infinite. Conversely, as the
absorber size is smaller than the wavelength, the diffracted
sound field contaminates the predictions of the two-
microphone method.

Plotting similar results to those in Fig. 9 by clustering
sample area instead of frequencies is possible. The error dis-
tributions follow a similar behavior (not shown here for
brevity): the neural network performs better than the two-
microphone method for the smaller absorbers, i.e., as the
acoustic wavelength becomes larger than the sample’s size.

VI. CONCLUSION

The results from this study illustrate the potential of
machine learning to mitigate the finite-size effect across a
wide frequency range and for various porous absorber
dimensions, flow resistivity values, source distances, and
array rotations. In particular, the network can generalize
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FIG. 8. (Color online) Sensitivity of the mean-squared error (MSE) to noisy pressure fields and unseen source distances, array distances, and array rotations.
The orange regions indicate the parameters the network saw during training. Mean-squared error (MSE) for clustered sets of the extrapolation dataset and
varying SNR. (a) MSE versus source distance. (b) MSE versus array distance. (c) MSE versus array rotation.
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frequency, log,o|a(f) — o* (f)|*, where a is the sound absorption coefficient produced with the analytical model, and o* (f) is the sound absorption coefficient

obtained with the method of choice (two microphones or proposed).

well to source distances and array rotations not shown during
the training phase. Although the proposed method is more
complex than the two-microphone method regarding instru-
mentation and hardware, its accuracy for small absorbers at
low frequencies is superior. The current bottleneck of the
proposed method is the inability to generalize to unseen array
distances. A way to overcome this is to fine-tune the model
with a training set generated with various array distances.

A natural extension of the present work is to train the
machine learning architecture with more realistic data. For
instance, to deal with situations where the surface impedance
is not constant along the sample’s surface (e.g., spherical wave
incidence). Alternatively, to deal with situations in which the
sample is not flush mounted above the baffle, is contained in a
frame, or has free edges. Furthermore, given the experimental
validity of the BEM method (Brandao et al., 2012), it is of
great interest to validate the proposed model—trained with
simulations—in an experimental scenario. This requires the
design and deployment of a new measurement setup since the
sampling parameters (e.g., microphone spacing and array
dimensions) of experiments in the literature are incompatible
with the proposed method. Training data in reverberant spaces
can also be used to account for reflections from the environ-
ment. These topics are the subject of future research.
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APPENDIX: TWO-MICROPHONE METHOD

The two-microphone method (Allard and Sieben, 1985)
uses two microphones placed along the normal to the sur-
face of interest to separate the incident and reflected compo-
nents of the field. This is done under the assumption of
specular reflection, such that the reflected sound field arises
from the image source at rél as a spherical wave (Li and
Hodgson, 1997). Furthermore, the reflection coefficient is
assumed to be that of plane waves. The sound pressure at
the microphone positions r; and frequency f is thus

e—itollri—| o-itollri—e|
p(ri7f) (Al)

R e —r ]l

where r;, i =1, 2 are the positions of the two microphones.
The reflection coefficient of the sample follows:

ekt p(ry) e-olri—ri]

R(f) = [r2 —rgll p(ry) [rn =g o)
p(l'z) e_jkOHrl—r;” e—jkg”rz_r:]‘l )

p(ry) e =rgll ez =g

and the sound absorption coefficient is obtained via
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o (f) =1 - R(F)|*. (A3)

In an experimental setting, the distance between the two
microphones must be large enough such that a phase differ-
ence is observed (Allard and Sieben, 1985), yet small
enough to avoid spatial aliasing. The microphones are
placed at 1cm and 3cm above the sample for numerical
illustrations in the present paper.

"For air at room temperature, fyox & 3.4 kHz in this study.

2Datasets, models, and codes are available online (Zea, 2023).

3A physical interpretation of point-wise convolutions applied to pressure
fields at multiple frequencies is that features can be learned from spatial
and spectral domains. In the context of this study—taking the first convo-
lutional layer as an example, a point-wise filter learns features from the
sound pressure spectra.
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