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Abstract

Accurate characterization of acoustic boundary prop-
erties is essential for reliable acoustic simulations, yet
existing in situ methods remain limited by model
assumptions, computational cost, and sensitivity to
noise. In this work, a physics-informed neural oper-
ator framework is proposed for directly estimating
the frequency-dependent acoustic surface admittance
from near-field measurements of sound pressure and
particle velocity. The proposed approach employs
a deep operator network architecture to learn the
underlying neural operator that maps measurement
data, spatial coordinates, and excitation frequency to
the corresponding acoustic field quantities, thereby
enabling the simultaneous estimation of the complex-
valued surface admittance spectrum. Notably, this
formulation circumvents the need for an explicitly de-
fined wave-propagation model or a computationally
intensive numerical forward model. Physical consis-
tency is ensured by embedding the governing acoustic
relations, including the Helmholtz equation, the lin-
earized momentum equation, and the Robin boundary
condition, into the training process. The method is
validated using synthetically generated data from a
simulation model of a cylindrical absorber under semi
free-field conditions. Results demonstrate accurate es-
timation of the complex-valued admittance over a wide
frequency range from 250 to 5000 Hz. The proposed
framework offers a neural network-based yet physically
consistent alternative to conventional inverse methods,
with particular advantages for the characterization of
finite-sized and non-planar sound absorbers.
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1. Introduction

Wave-based acoustic simulation methods, most promi-
nently the finite element method (FEM) and the
boundary element method (BEM), have become indis-
pensable in engineering acoustics. As emphasized by
Vorlander [1], reliable predictions rely on an accurate
description of the boundary properties of all acous-
tically interacting surfaces. In such models, bound-
ary conditions are commonly expressed through the
complex-valued surface impedance Z, or equivalently
its reciprocal, the surface admittance Y [2]. The sur-
face admittance is defined as the ratio of the normal
component of the particle velocity to the acoustic
sound pressure at the boundary Y = v, /p [2]. Be-
cause both amplitude and phase are encoded in these
quantities, they are essential for physically accurate
predictions.

Despite the growing prominence of wave-based
approaches, comprehensive datasets of surface
impedance remain scarce. This gap motivate the
development of in situ measurement strategies that
estimate acoustic boundary properties under realis-
tic, application-relevant scenarios, without destruc-
tive specimen handling, specialized laboratory fix-
tures, or restrictive assumptions about the incident
field. In contrast to the impedance-tube method,
which enforces plane-wave propagation at normal in-
cidence within a rigidly confined geometry, in situ
techniques can accommodate oblique incidence, com-
plex sound fields, and spatial heterogeneity, thereby
yielding boundary characterizations that are more
representative of real-world conditions [3].

A variety of in situ approaches have been proposed,
most of which formulate boundary characterization
as an inverse problem. These methods measure sound
pressure and/or particle velocity in the near field of
the specimen and subsequently infer surface quanti-
ties by solving an inverse problem based on physical
models of wave propagation. The acoustic field is
commonly expanded in elementary wave bases, e.g.,
plane waves [4], spherical waves [5] or complex image
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sources [6]. Measurements may be obtained sequen-
tially by repositioning a single sensor or simultane-
ously using microphone arrays. As an alternative or
complement, PU-probes acquire pressure and particle-
velocity simultaneously in close proximity to the sur-
face. The resulting data can be integrated with the
aforementioned formulations to estimate boundary
properties [7]. Estimating surface impedance from
acoustic field data is an ill-posed inverse problem,
inherently sensitive to noise and modeling inaccura-
cies. Regularization (e.g., Tikhonov regularization [4],
sparsity-promoting approaches [5]), and Bayesian in-
ference [8] are therefore widely employed to stabilize
the solution.

In general, the fidelity and robustness of model-based
inversions remain fundamentally constrained by the
accuracy of the underlying wave propagation model [9].
Simplifying assumptions, such as infinite, locally re-
acting surfaces or idealized wave representations, can
introduce systematic error. These are particularly pro-
nounced at low frequencies where diffraction effects
become significant [6] and for geometrically intricate
objects [10]. Machine learning-based approaches have
been proposed to compensate for these modeling inac-
curacies [11], [12].

Discretization-based approaches employing FEM or
BEM as forward models address some of these limita-
tions by capturing complex geometries and wave phe-
nomena more accurately. However, they are computa-
tionally demanding and typically require frequency-
wise inversion [8], [10]. A recent approach by Schmid
et al. [13] utilizing simulation-based inference offers
a probabilistic framework for parameter estimation,
yet it still depends on an accurate forward model and
remains sensitive to model-data mismatch.
Physics-informed neural networks (PINNs) have
emerged as a promising alternative by embedding
governing equations directly into the learning process,
enabling physically consistent predictions from sparse
or noisy data [14]. Applications in acoustics include
sound field prediction, reconstruction, and boundary
parameter estimation [15]. However, PINNs are inher-
ently limited to solving a single parameter instance,
requiring retraining for each frequency, which restricts
their applicability to frequency-dependent problems.
Recently, Xia et al. [16] have proposed a physics-
informed neural field method that infers impedance
from pressure gradients frequency-wise using sparse
pressure data, eliminating particle velocity measure-
ments but increasing noise sensitivity and reducing
low-frequency accuracy due to gradient errors.
Neural operators overcome this limitation by learning
mappings between function spaces, allowing efficient
prediction of solution fields across varying input
parameters such as frequency [17]. They have recently
been applied to a range of problems in acoustics
and structural dynamics, including sound field
prediction[18] and structural intensity estimation [19].

In this work, a physics-informed neural operator

framework is proposed to directly estimate frequency-
dependent acoustic surface admittance from near-field
measurements of sound pressure and normal parti-
cle velocity. By incorporating frequency as an in-
put variable, the method learns the full admittance
spectrum within a single model, eliminating the need
for frequency-wise inversion. At the same time, it
avoids explicit analytical or numerical forward models
by learning the mapping from measurements to field
quantities and boundary parameters directly. The
governing acoustic equations are inherently embed-
ded into the training process, providing physics-based
regularization. This yields computationally efficient,
physically consistent, and spatially coherent admit-
tance estimates, offering a promising alternative to
conventional inverse approaches.

2. Model description

Simulated measurement data are generated using a
BEM model of a non-planar sound absorber under
semi free-field conditions. The considered geometry
consists of a cylinder with diameter D = 15cm and
height h = 100 cm, aligned with the z-axis, as illus-
trated in Fig. 1. The acoustic domain is modeled as
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Figure 1: Geometrical model of the cylindrical sample
under investigation (green) as well as the data points
depicted in as red dots.

a half-space bounded by a rigid reflecting plane at
z = 0. Acoustic excitation is provided by a monopole
source located at xg = (—2.0, 0.0, 0.5) m with a pres-
sure amplitude of 1 Pa. The surrounding medium is
air, characterized by a density pg = 1.2kgm™3 and
a speed of sound ¢ = 343ms~!, resulting in a char-
acteristic impedance Zy = pgc. A spatially uniform,
complex-valued surface admittance Yiqr is prescribed
on the cylinder boundary and expressed in dimension-
less form as Yief = YierZg. The frequency-dependent
reference admittance is derived from impedance tube
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measurements of a melamine foam sample with thick-
ness t = 35 mm and diameter d = 40 mm, conducted
in accordance with ISO 10534-2. This admittance
serves as a realistic frequency-dependent target spec-
trum for the synthetic study rather than a physically
accurate representation of a permeable free-standing
cylinder of the same material. The corresponding ref-
erence admittance spectrum is shown in gray color in
Fig. 3. All simulations are performed using COMSOL
Multiphysics.

The training data consist of collocated samples of the
real- and imaginary parts of the acoustic pressure p
and the normal particle velocity v,,, obtained at two
radial layers in front of the cylinder. In practical ap-
plications, such measurements can be acquired using
a PU-probe. The observation domain spans a 45° cir-
cumferential sector and remains within 10 cm from the
bottom and top of the cylinder. A total of Np = 200
measurement points are distributed within this region,
as indicated by the red markers in Fig. 1. The in-
ner measurement layer is located at a radial distance
of 0.5cm from the surface, while the outer layer is
positioned 1.5 cm further outward. The sampling loca-
tions are arranged on a structured cylindrical grid of
20 x 5 points per layer. To emulate realistic measure-
ment conditions, zero-mean Gaussian noise is added
to both p and v, corresponding to a signal-to-noise
ratio (SNR) of SNR = 40dB. The frequency range
extends from 250 to 5000 Hz, with discrete frequencies
selected at the center frequencies of the 1/12-octave
bands.

3. Physics-informed neural operators

Neural operators approximate mappings between func-
tion spaces and are therefore well suited for parame-
terized PDE problems. In the present case, the un-
derlying nonlinear solution operator maps the fre-
quency input f to the corresponding complex-valued
acoustic field quantities sound pressure p(r) and the
normal particle velocity v,(r) at spatial position
r = [r,¢,2]T € Q in cylindrical coordinates. This op-
erator is approximated by a parameterized surrogate
Gy, which is trained from measurement data while
simultaneously being constrained by the governing
acoustic physics.

The operator is represented by a deep operator net-
work (DeepONet) architecture consisting of a branch
and a trunk network [17]. The branch network en-
codes the frequency input into a latent representation,
whereas the trunk network maps the spatial coordi-
nates to a spatial feature representation. Both latent
vectors are combined through an inner product, such
that the network predicts the acoustic quantities as a
function of both frequency and position. This decom-
position separates the frequency dependence from the
spatial dependence and enables the trained model to
evaluate the field at arbitrary spatial locations within
the domain [20]. In practice, this generalization ca-
pability is contingent on an adequate sampling of the
underlying function spaces. Here, the model is trained

on samples of the complex-valued pressure and normal
particle velocity acquired at discrete frequencies and
spatial locations, which constitutes a discrete sampling
of the frequency and spatial domains, respectively. In
addition to supervised data fitting, physical consis-
tency is enforced by augmenting the loss function with
residuals of the governing equations [21]. The total
objective is formulated as a weighted sum of two data
losses and three physics-informed losses, namely

L(0) = A\pLp+Ay, Lo, FArM LM+ AHelm LHelm HARLR.-

Here, £, and L, are mean squared errors (MSE)
between predicted and measured pressure and normal
particle velocity at the measurement points, respec-
tively. The remaining terms impose the linearized
momentum equation, the Helmholtz equation, and the
Robin boundary condition as detailed subsequently.
The weighting coefficients control the relative contri-
butions of the individual loss terms to the total loss
L(0).

The loss term L1 enforces the linearized momentum
equation in frequency domain

X — —iwopovn, 1)
where w = 27 f denotes the angular frequency. It
relates the pressure gradient in radial (normal) direc-
tion to the normal particle velocity. This residual is
evaluated at the measurement locations and uses the
measured velocity to constrain the predicted pressure
gradient. In this way, the data not only supervise the
field values directly, but also constrain their physically
consistent differential relation. This improves the cou-
pling between pressure and velocity predictions and
stabilizes training.

The loss term Lyelm enforces the governing Helmholtz
equation in the acoustic domain. Rather than using
the Helmholtz equation in its original form, a mixed
formulation is adopted in which the pressure derivative
in normal direction is replaced using the momentum
equation in Eq. (1). Substitution into the cylindrical
Helmholtz equation yields
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where k = w/c¢p is the acoustic wavenumber. This
reformulation is advantageous because it lowers the
derivative order that must be computed with respect
to the network outputs in radial direction. Since
higher-order derivatives obtained by automatic differ-
entiation are known to be numerically delicate, this
mixed form improves training robustness and reduces
the risk of unstable gradients. The Helmholtz residual
is evaluated at randomly sampled interior collocation
points distributed across the acoustic domain between
the sample surface and the outer measurement surface.
Because this loss depends only on network predictions,
it acts as a self-consistency constraint that regularizes
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the reconstructed field even in regions without direct
measurements.

The boundary loss term Ly enforces the locally react-
ing Robin boundary condition at the sample surface at
r = R and is central for surface admittance identifica-
tion. For a surface with spatially uniform normalized
admittance Y, together with substituting the momen-
tum equation Eq. (1) using the outward normal of the
fluid domain, the boundary condition reads

iwpovy + kY p =0 on I'y. (3)
This residual is evaluated at boundary collocation
points on the absorber surface. Importantly, the sur-
face admittance Y is not computed in a separate post-
processing step, but treated as an additional trainable
quantity and optimized jointly with the network pa-
rameters. As a result, the admittance is inferred as the
value that globally minimizes the boundary residual
while remaining consistent with the measured data
and the governing physics.

4. DeepONet architecture and training

The DeepONet architecture is realized using resid-
ual multilayer perceptrons equipped with sinusoidal
activation functions in accordance with the SIREN for-
mulation, which has proven particularly effective for
representing oscillatory wave phenomena. To enhance
numerical stability during training, frequency-wise
normalization is applied to the real and imaginary com-
ponents of both pressure and normal particle velocity,
spatial coordinates are mapped onto a fixed interval,
and the frequency input is appropriately transformed
and standardized. In addition, the physics-based resid-
ual terms are scaled to ensure a frequency-balanced
contribution of all loss components. The network hy-
perparameters, including the loss weighting factors as
well as the network width and depth, are selected via
a grid search comprising 50 configurations, each evalu-
ated on the validation loss. This yields optimal weight-
ing factors of A, = 0.16, A,,, = 0.5, Ay = 5.5 x 1073,
AHelm = 6.8 x 1078, and Ag = 1.5. The synthetically
generated dataset is divided into 90% for training and
10% for validation. Loss optimization is performed
using the AdamW algorithm in conjunction with a
cosine-annealing learning rate schedule. The overall
computational effort amounts to approximately 35 min
of wall-clock time for 50,000 training epochs on an
NVIDIA GeForce RTX 5080 GPU.

Fig. 2 shows the evolution of the weighted training
and validation losses during DeepONet training. The
supervised data terms for pressure p and normal par-
ticle velocity v, converge rapidly and smoothly, in-
dicating effective learning of the measurement data.
The physics-informed residual terms are then progres-
sively activated through cosine ramps that increase
their weighting factors from zero to their target values,
causing a temporary rise followed by a consistent de-
cay as the model adapts to the added constraints. The
Helmholtz and Robin losses, in particular, peak tran-
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Figure 2: Evolution of the effective training and valida-
tion losses (A - loss) throughout the DeepONet training
process.

siently upon activation before stabilizing at lower mag-
nitudes. This coupling is partly structural: the mixed
Helmholtz formulation substitutes the linearized mo-
mentum equation in Eq. (1) and thus shares field
quantities, while the Robin term, acting solely at the
boundary r = R, selects the interior solution compat-
ible with the prescribed surface admittance. Over-
all, the model integrates data-driven learning with
physics-based regularization, converging across all loss
components.

5. Results and discussion

Fig. 3 compares the real and imaginary parts of the
acoustic surface admittance Y inferred by the Deep-
ONet model with the reference spectrum over the
frequency range from 250 to 5000 Hz. Note that Y is
inferred as a global trainable parameter for a single
physical configuration rather than the generalization
of a forward map across unseen configurations.
Overall, the model accurately reproduces the
frequency-dependent behavior of both components,
including the pronounced peak in the real part around
2.2kHz and the corresponding variation in the imagi-
nary part, indicating a reliable reconstruction of the
underlying boundary characteristics.

To quantitatively assess the reconstruction accuracy,
the relative Lo-norm error is defined as

pred ref 2
Y, — Y]

N
\/Z]—l J

Ly = N 12 ) (4)
2= V7]

where YP™d and Y denote the predicted and refer-
ence complex-valued surface admittances, respectively.

The frequency-dependent relative Lo-error is shown
in Fig. 4. A clear minimum is observed in the mid-
frequency range, where the reconstruction accuracy is
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Figure 3: Comparison of the real and imaginary parts of
the acoustic surface admittance Y predicted by the Deep-
ONet model and the reference spectrum (gray), obtained
from impedance-tube measurements as described in Sec. 2.
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Figure 4: Relative Las-error of the estimated acoustic
surface admittance Y as a function of frequency. The
dashed line indicates the mean error over the considered
frequency range from 250 to 5000 Hz.

highest. This behavior is governed by the relationship
between the acoustic wavelength A\ and the charac-
teristic cylinder diameter D. In this regime, where
A is comparable with the specimen dimensions, the
acoustic field exhibits sufficiently rich spatial structure
to encode the boundary admittance, while remaining
well-resolved by the measurement configuration. As
a result, both the sensitivity of the measurements to
the boundary condition and the conditioning of the
inverse problem are favorable.

At low frequencies, where A > D, the cylinder behaves
as an acoustically small object. The resulting scattered
field exhibits predominantly monopole-like behavior,
and admittance-induced perturbations in pressure and
particle velocity are weak. In addition, the absorption
of the sample is typically low in this regime, further
reducing the influence of the boundary condition on
the acoustic field. Consequently, spatial gradients are

small and the measurements carry limited information
about the boundary condition, leading to a poorly con-
ditioned inverse problem. Moreover, the finite extent
of the cylinder introduces deviations from idealized
surface assumptions, further reducing identifiability.

At high frequencies, where A < D, the acoustic field
exhibits increasingly complex spatial variations and
localized scattering effects. While this enhances the
theoretical sensitivity to boundary properties, it also
increases susceptibility to measurement noise, spatial
undersampling, and model approximation errors. Fur-
thermore, the finite size of the cylinder gives rise to
pronounced diffraction and interference effects once
multiple wavelengths fit across the structure, intro-
ducing additional wave phenomena that are difficult
to capture and invert robustly.

Despite these frequency-dependent variations, the
method achieves a low mean relative Lo-error of
3.65 x 1072 over the entire frequency range from 250
to 5000 Hz, demonstrating its capability to accurately
reconstruct complex, frequency-dependent boundary
properties from sparse and noisy measurement data.

6. Conclusions

This work presents a neural-operator-based framework
for the in situ estimation of acoustic boundary prop-
erties from near-field measurements of sound pressure
and normal-direction particle velocity. In contrast
to conventional approaches relying on explicit wave-
propagation models or iterative inverse formulations,
the method directly learns the mapping from acoustic
field observations to frequency-dependent boundary
quantities, with physical consistency ensured by em-
bedding the Helmholtz equation, the linearized mo-
mentum equation, and the Robin boundary condition
into the training process. The surface admittance is
inferred as a global parameter, yielding spatially coher-
ent and noise-robust estimates. Validated on synthet-
ically generated data for a cylindrical absorber, the
framework accurately reconstructs a spatially uniform
admittance spectrum from 250 to 5000 Hz, includ-
ing acoustically small and non-planar configurations,
achieving a low mean relative Ly-error of 3.65 x 1072,
This accuracy is, however, established for a single fixed
test configuration: the present study does not address
generalization to different source positions, additional
reflecting surfaces, or altered cylinder diameters, as
the operator is trained for one measurement setup.
The method thus represents an accurate and physically
consistent alternative to conventional measurement
approaches, at the cost of requiring comparatively
large amounts of high-quality measurement data and
careful hyperparameter tuning.

Future work will incorporate the source position and
specimen geometry as additional operator inputs, en-
abling generalization across configurations without
retraining, and will explore transfer learning to effi-
ciently adapt the trained model to different acoustic
surroundings. Further efforts will focus on experi-
mental validation under realistic conditions, on bench-
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marking against established PU-based techniques such
as cylindrical near-field acoustical holography, and on
extending the approach toward the non-invasive, data-
driven characterization of acoustic materials.
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