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Introduction

Porous absorber materials most commonly used are of-
ten based on mineral wool or fossil resources. Due to
the environmental impact of these materials, researchers
seek for new, better recyclable and biodegradable ma-
terials. A major difficulty when developing new porous
absorber materials is the determination of their intrinsic
material parameters, which are crucial to link production
parameters to acoustic behavior, optimize the developed
material and simulate the acoustic behavior of the devel-
oped material using commercial software. A widely used
rigid frame model for porous materials is the Johnson-
Champoux-Allard (JCA) model, which was introduced
by Champoux and Allard [1], and is based on the work
of Johnson et.al. [2]. Tt is based on five material param-
eters, namely the porosity ¢, the flow resistivity o, the
tortuosity ., the viscous characteristic length A and the
thermal characteristic length A’, which must be provided
to calculate the characteristic impedance and wavenum-
ber and consequently the resulting surface impedance
and absorption coefficient of the porous absorber. Clas-
sical characterization methods to retrieve those material
parameters can be subdivided into three categories: di-
rect, indirect and inverse.

When performing a direct characterization, each param-
eter is obtained separately by the use of specific mea-
surement equipment. This method is very time and cost
intensive because of the number of measurements and the
amount of equipment needed. The methods to measure
rigid frame material parameters directly are described in
[3] for the porosity, in [4] for the flow resistivity, and in
[5, 6] for the tortuosity and the characteristic lengths.

The indirect characterization is based on the determina-
tion of the characteristic impedance and the wavenumber
from impedance tube measurements, according to [7, 8].
From these two values, a,, A and A’ can be determined
analytically, if the porosity and the flow resistivity are
known [9, 10]. Furthermore, Doutres et al. proposed an
indirect method to determine all five rigid frame param-
eters, using a modified impedance tube, with a micro-
phone at the rigid wall termination [11].

Finally, when performing an inverse characterization, one
retrieves the material parameters by fitting the absorp-
tion or impedance curve resulting from the JCA model
to the corresponding curve measured by an impedance
tube. The difficulty here is to find the global minimum
of this nonlinear, five dimensional optimization problem.
An example for this approach to retrieve the tortuosity
and the characteristic lengths is given in [12].
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Recently, the classical characterization methods were
complemented by new methods based on artificial neural
networks (ANNs) [13]. Eser et al. halve the measurement
effort of the two cavities method introduced by Utsuno
et al. [8], which is needed for the indirect characteriza-
tion, by replacing the second measurement through a pre-
diction of an ANN [14]. Chen et al. directly predict the
material parameters of PU-foams from impedance tube
measurements, using finite element simulations to create
their dataset [15]. In the study presented here, an ANN
framework is developed to predict the material parame-
ters needed for the JCA model from a single impedance
tube measurement for a broad range of porous materials.
The goal is to reduce the measurement effort currently
needed to characterize porous absorber materials.

Johnson-Champoux-Allard Model

In the following, the main equations of the JCA model
are recapitulated. Despite the model’s simplicity it can
be used for most types of rigid frame open porous media,
which contain pores whose characteristic sizes are simi-
lar. A detailed description of the model can be found in
[16, Chap. 5]. Only the one-dimensional case for nor-
mal plane wave sound incidence is considered, as these
assumptions are valid for impedance tube measurements.
The effective density of the rigid frame equivalent fluid
medium is defined as
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and can be determined for each angular frequency w, if
the material parameters of the porous absorber and the
constants of the acoustic fluid density pg, dynamic and
kinematic viscosity n and v are known. The effective
bulk modulus of the rigid frame equivalent fluid medium
is defined as
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with the ambient mean pressure pg and the further con-
stants of the acoustic fluid, thermal conductivity &, spe-
cific heat constant ¢, and ratio of the specific heat capac-
ities . It has to be noted, that eq. (4) is a simplification
to retrieve the static permeability g, as this parameter
is especially difficult to measure directly. With this sim-
plification the pore shapes are assumed to be cylindrical
where its radius is equal to the thermal characteristic
length A’. This assumption can lead to errors when cal-
culating the effective bulk modulus of the rigid frame
equivalent fluid medium I?em especially for fibrous ma-
terials [10]. Nevertheless, this effect is usually negligible
when calculating the surface impedance and absorption
coefficient [16, p.89]. From the effective bulk modulus
and the effective density of the rigid frame equivalent
fluid medium, the characteristic impedance of the porous

absorber
Zc =\ f(eqﬁeq

and the characteristic wavenumber
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can be determined. The surface impedance
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result from the characteristic impedance and wavenum-
ber, where t is the thickness of the porous layer and
zg = pfzo is the surface impedance normalized by the
characteristic impedance of air Zy = pgcp.

Material Characterization Using ANNs

In the following, the dataset which was created using
the JCA model and used to train the ANN is described.
Fig. 1 shows the structure of the dataset. The feature
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Figure 1: Structure of the dataset, with the material param-
eters as labels and the resulting real and imaginary part of
the surface impedance Zs at each frequency as features.

matrix has to be data that can be measured with an
impedance tube. In this study, the real and imaginary
part of the surface impedances Z; at different frequencies
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were chosen as input for the neural network. The surface
impedances were calculated using the one-dimensional
JCA model for normal plane wave sound incidence, for
1/24 octaves in the frequency interval [208,6401] Hz.
This frequency range corresponds to the range available
from measurements using a typical impedance tube with
30mm tube diameter. The labels are the material pa-
rameters which have to be supplied to the JCA model.
The thickness of the samples is kept constant at 50 mm.
The material parameters were sampled over their param-
eter space, using latin hypercube sampling [17]. This en-
sures an evenly covered parameter space, while keeping a
random sampling process. The characteristic lengths A
and A’ are not predicted directly, as the parameter space
which has to be covered can be reduced, considering [12]
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The bounds of the characteristic lengths depend on pa-
rameters which are predicted by the ANN, the dynamic
viscosity of air 7 and a parameter c, respectively ¢’. As
the intervals of ¢, ¢’ are comparably small, the ANN
is going to be trained to predict those factors, and the
characteristic lengths are retrieved using egs. (10), (11).
Tab. 1 lists the parameter space over which each param-
eter was sampled. The dataset contains 3 - 10° samples,
of which 70 % were used for training, 15 % were used for
testing and 15 % were used for final validation.

Table 1: Parameter spaces of porosity ¢, flow resistivity o,
tortuosity ao, and the coefficients ¢, ¢, defining the viscous
and thermal characteristic lengths.

parameter interval unit
open porosity ¢ [0.8,0.999] -
flow resistivity o [2-10%,2-10°] Das
tortuosity e [1,2.5] -
viscous coefficient ¢ [0.25,1] -
thermal coefficient ¢/ [1,3.3] -

To train and evaluate the ANN, the framework displayed
in Fig. 2 is used. The first part is an ANN which takes
the real and imaginary part of the surface impedances Z
as input and predicts the material parameters of the JCA
model. The second part is the previously described JCA
model which takes the predicted material parameters as
input and reproduces the surface impedance Zs. Two
losses are used to train the model: the data loss, which
compares the true material parameters to the predicted
material parameters and the reproduction loss, which
compares the input features Z; to the reproduced fea-
tures Zs. The architecture of the ANN is shown in Tab. 2.
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Input Hidden  Output Results
layer layers layer In the following, the performance of the ANN on the
R(Zs,1) — — R( ~S71) validation set is shown. Tab. 4 shows the R? score and
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— 4 with the original impedance curves, which were supplied
— — to the ANN.

Figure 2: Structure of the ANN, with the real and imaginary
part of the surface impedances as input and the material pa-
rameters and the from these reproduced real and imaginary
part of the specific surface impedances as output.

Table 4: R? score and percentage of samples predicted with
a relative error < 10 % for the validation set.

metric 1) o Qoo c d
Before the surface impedance curves are supplied to the re%. err. <10% 98% 99% 97% 98% 96%
R* score > 0.99 for each parameter

fully connected layers, they are normalized by the mean
and standard deviation at each frequency of the dataset.
This eases the training of the ANN and leads to more ac-
curate predictions. The output layer has five nodes and a T
Sigmoid activation function, which restricts the outputs
of the layer to the interval [0,1]. The outputs are then
scaled to the actual parameter space shown in Tab. 1.
This ensures that only values in the desired parameter
space can be predicted, and avoids instabilities during
training, as only reasonable material parameters can be
predicted and then be supplied to the JCA model. The
hyperparameters which were defined to train the ANN
are listed in Tab. 3.

R (Zs) in kNs/m3

Table 2: Architecture of the ANN, including feature normal-
ization and scaling of output to the actual parameter space.

layer type mno. of nodes activation function

Feature normalization by mean, standard deviation

Input 240 None
392 ELU
256 ELU
. 128 ELU
Hidden 64 ELU
32 ELU

Output 5 Sigmoid

Scaling from [0, 1] to parameter space (Tab. 1)

3 (Zs) in kNs/m?

Table 3: Hyperparameters of the ANN.

Hyperparameter Value 250
batch size 1000 005115 225 3 35 445 5 55 6 6.5
optimizer Adam frequency in kHz

reproduction loss mean absolute error

data loss mean absolute error Figure 3: Comparison of true and reproduced surface
no. of epochs 1000 impedance curves (real and imaginary part) for 5 randomly

selected samples of the validation set.
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Conclusion

An ANN was trained to predict the material parame-
ters of rigid frame porous media from a single impedance
tube measurement. The model was trained on sur-
face impedance curves created by the JCA model for
a frequency interval suitable for impedance tubes with
a 30mm tube diameter and predicts porosity, flow re-
sistivity, tortuosity, viscous and thermal characteristic
length. During training, two losses were used: a data
loss comparing the true material parameters to the pre-
dicted ones, and a reproduction loss, comparing the sur-
face impedance supplied to the ANN, to the one calcu-
lated from the predicted material parameters, using the
JCA model. To avoid instabilities due to the usage of
the JCA model for the reproduction loss, the Sigmoid
function was chosen as output activation, and the out-
put was scaled to the desired parameter space. The ANN
performs well on a virtual created validation set, as it suc-
ceeds on predicting the correct material parameters, and
reproducing the surface impedance curves. The valida-
tion of the model with real-world impedance tube mea-
surement data is currently under investigation.
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