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Introduction

A challenge in free-field or in-situ measurements over
small absorber samples is the so-called finite sample or
edge effect. Diffractions occurring at the absorber edges
lead to distinct interference in the sound field above the
surface, which is not taken into account by frequently
used models of infinitely extended material layers like the
analytical model of Allard et al. [1]. This results in os-
cillations of the actual sound field values over the finite
absorber around the reference curves for infinite mate-
rial extension - which are more pronounced the smaller
the sample under investigation [2, 3, 4]. In the context
of inverse wave field analysis methods, this discrepancy
between model and measurement can lead to errors in
the inverse determination of acoustic material parame-
ters [2]. One approach to adress this is to use sound field
models that actually represent the edge effect. Instead
of iteratively fitting computationally expensive numeri-
cal simulations, we present a method for modeling the
sound field over finite samples based on training mul-
tilayer feedforward neural networks. The procedure for
generating the required training data and the main prop-
erties of the trained networks are outlined. Results which
can be achieved with this type of sound field modeling in
the forward calculation and in the context of the inverse
material determination are shown as examples.

Generation of Training Data

To systematically compute sound fields over finite ab-
sorber samples, fully coupled FEM simulations were car-
ried out, using the software COMSOL Multiphysics.
Within the model the rigidly backed porous material is
parameterized as a homogeneous fluid according to the
Johnson-Champoux-Allard (JCA) model. To ensure ane-
choic conditions at the remaining model boundaries, a
Perfectly Matched Layer (PML) is added along the ex-
terior. A schematic representation of the basic model is
shown in Fig. 1. The computational result, which con-
stitutes the target quantity to be learned by the super-
vised machine learning approach, is the complex sound
pressure at arbitrary points above the absorber. The in-
dependent variables influencing the problem, i.e. model
features which have to be varied within the simulation
series to adequately cover the feature space include the
frequency, the absorber dimensions, positions of source
and receiver and the material parameters governing the
poroacoustic model. A total of 300000 simulation results
were generated by randomly combining possible values of
these quantities within large interval limits.

Figure 1: Schematic of the FEM model with a rigidly backed
absorber sample and the Perfectly Matched Layer (PML).
Front and top sides of the PML are depicted transparently.

Figure 2: Illustration of a two-layer neural network with D
inputs, M hidden neurons, and K outputs.

Neural Network Training

Network Structure & Learning Parameters
According to the universal approximation theorem, a net-
work can approximate any continuous function, provided
that it has enough hidden neurons and suitable activa-
tion functions [5]. Accordingly, the results of the numer-
ical simulations described above are suitable as train-
ing data for neural networks for generalized prediction
of the sound field. Thus, in the context of this work,
fully connected networks are trained to model the sound
field over finite porous absorber samples using the non-
acoustic, i.e., frequency-independent structural parame-
ters according to the JCA fluid model as input features.
The network topology representation corresponding to a
feedforward regression network with two layers (the input
layer is not counted) is shown in Fig. 2.
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Figure 3: Comparison between sound field model and mea-
surement for one microphone position above the absorber.

Experimental Validation

For validation and experimental application of the
trained sound field model in inverse material determina-
tion, measurements were conducted in the hemianechoic
chamber. Sweep measurements in the frequency range
from 100 Hz to 1.2 kHz were carried out at several
receiver positions above a 30 cm x 30 cm glasswool
sample. Essential for all following steps is the at
least approximate consideration of the actual source
characteristic, i.e. the calibration of the neural network
model to the used measurement loudspeaker. Therefore,
the source transfer function was measured on axis
and frequency-dependent adjustment factors of source
amplitude and phase were calculated from the difference
to the source definition in the training data FEM model.

Forward computation of the sound field
On the one hand, it is now possible to directly compare
the developed sound field model in a forward calculation
- using the literature values of the porous material pa-
rameters - with the corresponding measurements. For an
individual microphone position this comparison is shown
in Fig. 3. It is shown that the complex sound pressure
including the influence of the edge effect can be predicted
rather accurately by the trained model and that the devi-
ation between model and measurement is below approx.
1.5 dB for large parts of the considered frequency range.

Inverse Material Estimation
The neural network model can be integrated into a
framework for inverse material estimation, which is
implemented as a nonlinear least squares problem. For
this purpose, the objective function, the residual sum of
squares between the sound pressure measured at a few
microphone positions and the modeled sound pressure,
is minimized by iteratively varying the structural pa-
rameters. The results of this estimation process using
the measured data for one source and four microphone
positions are given in Table 1. From the set of param-
eters found, the normal incidence surface impedance of
the equivalent fluid can be calculated using the following
transmission line formula:

Zs = Z1 coth(jk1d) (1)

The resulting impedance is compared in Fig. 4 with that
according to literature values and with an impedance

Table 1: Material estimation result of the inverse optimiza-
tion procedure using the neural network sound field model

Lit. value Estmation rel. Error [%]

Flow
resistivity Φ

12900 6407 50.33

Porosity σ 0.99 0.996 0.61
Tortuosity

α∞
1.01 1.008 0.2

Viscous Char.
Length Λ

82 74.4 9.27

Therm. Char.
Length Λ′

182 362.9 99.4
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Figure 4: Estimated surface impedance compared to litera-
ture values and impedance tube measurement.

tube measurement of the tested sample. The inverse
estimate shows certain deviations from the impedance
tube measurement, since the remaining discrepancies be-
tween model and measurement, which cannot be compen-
sated by the iterative fitting, are in the order of magni-
tude of the material-dependent variance in the measured
sound pressure, which for such small samples only oc-
curs at all from higher frequencies and is generally less
pronounced. Interestingly, the model calculation based
on the reported literature values for the material also
does not exactly match the impedance tube measure-
ment, which could indicate some uncertainty due to man-
ufacturing process variations.

Results & Outlook

It could be shown, that neural network models can be
successfully trained for appropriately well-defined sound
field problems with reasonable effort. This allows a
fast and rather accurate prediction of the sample size
effect based on known porous material parameters,
completely bypassing time-consuming numerical sim-
ulations - for example in the inverse determination of
acoustic material parameters. For an absolutely exact
derivation of unknown quantities, it is necessary that
the influences of all model and measurement errors are
not equal to or greater than the material-dependent
variance in the sound field to be measured, which may
also require a certain minimum size of the absorber
sample. The remaining discrepancies between model
and measurement will be further investigated, taking
into account influences of the measurement setup
and the loudspeaker directivity as well as geometric
uncertrainties, i.e. accuracy in sample preparation and
positional uncertainties.
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