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Abstract 

Recent developments in acoustic signal processing have seen the integration of deep learning methodologies, 
alongside the continued prominence of classical wave expansion-based approaches, particularly in sound field 
reconstruction. Physics-informed neural networks (PINNs) have emerged as a novel framework, bridging the gap 
between data-driven and model-based techniques for addressing physical phenomena governed by partial differen-
tial equations. This paper introduces a PINN-based approach for the recovery of arbitrary volumetric acoustic fields. 
The network incorporates the wave equation to impose a regularization on signal reconstruction in the time domain. 
This methodology enables the network to learn the physical law of sound propagation and allows for the complete 
characterization of the sound field based on a limited set of observations. The proposed method’s efficacy is validated 
through experiments involving speech signals in a real-world environment, considering varying numbers of available 
measurements. Moreover, a comparative analysis is undertaken against state-of-the-art frequency domain and time 
domain reconstruction methods from existing literature, highlighting the increased accuracy across the various meas-
urement configurations.
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1  Introduction
Sound field reconstruction (SFR) is one of the main chal-
lenges in the literature of acoustic signal processing. It 
consists of the estimation of the acoustic field over an 
extended area using a limited set of multichannel acqui-
sitions, typically obtained with distributed microphones 
or arrays. SFR is of paramount importance in augmented 
and virtual reality applications, where the user experience 

relies on immersive audio environments [1]. A complete 
acquisition of an acoustic environment, i.e., satisfying the 
Nyquist-Shannon sampling theorem in the audible range 
up to 20  kHz, imposes an extremely dense sampling of 
the space with a distance lower than 1 cm for two con-
secutive microphones. This condition limits the practical 
implementation of such applications raising the interest 
in SFR for reducing the number of required measure-
ments. Beyond its critical role in augmented and virtual 
reality applications, SFR finds application across diverse 
problems including sound field control [2], source sepa-
ration [3], and localization [4].

Several solutions to SFR have been introduced in the 
literature, predominantly tackling the reconstruction 
in terms of an inverse problem. The inference relies on 
a few selected measurement points, from which the field 
at other locations can be estimated, via interpolation or 
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extrapolation. In the literature, we can identify three-
main classes of SFR methodologies: non-parametric or 
expansion-based [5–8], parametric [9–11], and deep 
learning (DL) [12–14].

In order to estimate the coefficients of the expan-
sion-based representation, most techniques rely on 
compressed sensing principles [15] exploiting a priori 
assumptions on the sparsity of the data in time, space, 
or frequency. In [5], the equivalent source method [16] 
(ESM) is adopted in order to model the direct sound of 
sound sources through a sparse set of Green’s functions, 
while reverberation is described by means of a diction-
ary of plane waves and a low-rank residual. The solution 
in [5] is found using sparsity-based optimization. A simi-
lar strategy, defined in the spherical harmonics domain, 
is proposed in [8]. The authors of [17], instead, exploit 
the ESM and the sparsity of room impulse response 
(RIR) signals in the time domain to represent the far-
field sound field in a source-free volume, leading to the 
time equivalent source method (TESM). In contrast, [18] 
further extends this approach to dynamically regular-
ize the solution based on the reverberation characteris-
tics present in a room. More recently, the utilization of 
dictionary learning featuring more spatially constrained 
representations of the acoustic environment has demon-
strated efficacy in achieving generalization across diverse 
sound fields [19].

Another popular strategy relies on the so-called ker-
nel ridge regression (KRR) [20] which provides a least-
square-based solution to the reconstruction. One 
advantage of KRR lies in the lightweight implementation 
provided by linear filtering. In [6], a sound field interpola-
tion strategy based on KRR has been introduced and has 
since been extended to multiple arrays [21]. This method 
exploits the expansion into infinite sum plane wave func-
tions in order to constrain the interpolation to satisfy 
the Helmholtz equation, inherently imposing a physical 
prior to the solution. Variations to the kernels function 
have been proposed, including prior information on the 
source direction [22], constraints on the reciprocity prin-
ciple [23], or mixed models for the reverberation [24]. In 
[25], the authors adopt a probabilistic approach to sound 
field reconstruction based on Gaussian process regres-
sion which similarly to KRR exploits a kernel function to 
model the spatial correlation of the sound field.

Unlike expansion-based solutions described above, 
parametric approaches [9, 10, 26–28] are not aimed at 
numerical reconstruction of the sound field. In fact, para-
metric techniques rely on simplified signal models that 
describe the sound field by the means of a few param-
eters, e.g., the source location, its direct signal, and the 
diffuse field with the goal to convey a perceptually con-
vincing reconstruction. Typically, the parameters are 

estimated from the microphone signals using beamform-
ing [29] or other linear filtering [30, 31], and the sound 
field reconstruction is provided at the user through the 
adopted signal model.

Following the success of deep neural network (DNN) 
in several problems of acoustics [12, 13, 30, 32–37], deep 
learning solutions became a popular approach for SFR. A 
first work in [12] adopted a convolutional neural network 
(CNN) for the reconstruction of room transfer func-
tions. The main limitation in applying classical DNN in 
SFR is represented by the large amount of data required 
for the training of the model. This typically translates 
in a reconstruction limited to low frequencies or lack-
ing of generalization to unseen room conditions [12]. In 
order to overcome such limitations, two main strategies 
can be identified in the literature. On the one side, gen-
erative models [38–40] have been introduced to improve 
the ability of the network in reconstructing meaningful 
sound field. On the other side, domain knowledge has 
been employed to help the neural network to follow the 
mathematical laws of the underlying physical problem, 
e.g., for acoustic propagation phenomena.

In [38], a generative adversarial network (GAN) has 
been trained to solve SFR problem. Different GAN 
designs have been tested in [38], and the results revealed 
improved reconstruction and bandwidth extension with 
respect to the customary plane wave decomposition both 
on simulated and real data sets. More recently, GANs has 
been combined with the physical prior given by plane 
wave expansion in order to exploit acoustic models in the 
generation. In particular, in [39], the authors use a gen-
erator network to compute the coefficients of the plane 
wave expansion whose reconstruction is evaluated by 
the discriminator network for the adversarial training. 
Unlike the aforementioned techniques that work in the 
frequency domain, a time domain model has been intro-
duced in [14], where a deep-prior paradigm [41] for the 
generation of RIR is proposed. The deep prior technique 
employs the structure of CNN as a regularizer of the SFR 
solution, hence does not require a training data set, but 
the network is rather trained using a pre-element train-
ing. Although very accurate also when a small set of pres-
sure data is available, the applicability of such techniques 
strongly depends on the training set with limitations in 
the generalization to different rooms, e.g., non-rectangu-
lar rooms with complex boundary conditions [12, 13].

More recently, the use of physics-informed neural 
network (PINN) has been investigated to bridge the 
gap between model-based solutions, which are con-
strained by the underlying modeling assumptions, and 
data-driven methods, whose solutions largely depend 
on training data. PINNs aim to regularize the estimates 
of a neural network to follow a given partial differential 
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equation (PDE) governing the system under analysis, 
thus providing physics-informed solutions. In the con-
text of SFR, authors in [42] proposed a CNN whose loss 
function penalizes deviation from the Helmholtz equa-
tion [43]. The selected PDE is computed through numeri-
cal methods to avoid the spatial discretization of the 
pressure distribution. More computationally efficient 
approaches take advantage of the automatic differentia-
tion framework [44] underlying the training procedure of 
neural networks [45].

Different PINN approaches for the reconstruction of 
sound fields have been presented in [46–48]. Inspired by 
the sinusoidal representation networks (SIREN) [49], dif-
ferent studies [46–48] proposed a PINN-based approach 
for the reconstruction of sound fields to efficiently 
recover the RIRs in time domain starting from a small 
number of available observations. Moreover, in [47, 48], 
PINNs are employed to comprehensively characterize all 
acoustic quantities in the sound field. This includes the 
inference of the pressure field, particle velocity field, and 
sound intensity flows, by exploiting the automatic differ-
entiation principle of neural network. As do the majority 
of DL-based methods, they focus on the reconstruction 
of height-invariant scenarios, typically by limiting to the 
case with sources and the emitters placed in the same 
plane.

In this manuscript, we aim at extending the methodol-
ogy introduced in [46, 47] to reconstruct arbitrarily sound 
field in 3D target regions starting from different sets of 
available recordings. We exploit the potential of DL esti-
mates with the regularization provided by the physical 
knowledge of the acoustic wave propagation. Different 
from considering only the RIRs, we consider speech sig-
nal in real environments, with a relevant step towards 
practical application scenarios. Specifically, the devised 
DNN is driven by the available measurements and con-
strained to satisfy the physical PDE of the wave equa-
tion. Numerous strategies for computing the unknown 
pressure function exist, ranging from implicit solutions 
to the homogeneous wave equation  [6, 17, 36, 50, 51] 
to those focusing on data fidelity  [9, 12, 14] and even 
combinations of both  [39]. However, explicitly incorpo-
rating the wave equation as a constraint follows recent 
developments in the literature. Moreover, we directly 
reconstruct the signals in time domain, thus fully charac-
terizing the sound pressure at the desired locations. The 
reconstruction of the proposed method has been evalu-
ated using real data, i.e., MeshRIR dataset [52], measured 
in acoustically treated rooms. Starting from different 
random subset of available observations, results show 
improved reconstruction performances with respect to 
frequency domain [6] and time domain [17] state-of-the-
art approaches. Notice that the proposed PINN approach 

is optimized on available data, with the PDE enforcing 
regularization, thus eliminating the need for training on 
large data sets to learn the correct solution. Moreover, 
PINN provides a continuous sound field representation, 
allowing arbitrary coordinate inputs, unlike standard net-
works that use discretized grids. The promising results 
of the devised method prove how PINN represents an 
appealing solution to generalize the reconstruction of 
sound field towards practical scenarios, thanks to the 
advantages of the acoustic physical priors and the poten-
tial of DL strategies to infer representations from real 
data. Moreover, the PDE loss in PINNs introduces soft 
constraints, allowing deviations from the exact solution 
and the desired one of the real scenario. This approach 
makes such solution more flexible than traditional phys-
ics-constrained methods, which do not admit deviations 
from the assumed model, potentially offering better per-
formance in real-world applications. Furthermore, we 
show the computation of the reconstructed intensity field 
in the desired volumetric region.

The rest of the paper is organized as follows. In Sec-
tion 2, we define the data model 2.1 and the problem for-
mulation  2.2. Section  3 presents the proposed method 
based on PINN and details information about the net-
work architecture and training procedure are described 
in Section  3.1. Results are reported in Section  4 along 
with the the description of setup and evaluation metrics 
in Sections 4.1 and 4.2, respectively. Moreover, the vali-
dation is presented in Section 4.3 with the state-of-the-
art comparison and the computation of the intensity field 
in Sections  4.4 and 4.5, respectively. Finally, Section  5 
draws some conclusion and future developments.

2 � Data model and problem formulation
2.1 � Data model
Let us consider an acoustic source located at an arbitrary 
position rs = [xs, ys, zs]

T and a set M of M measure-
ments acquiring the generated sound field at positions 
rm = [xm, ym, zm]

T with m = 1, . . . ,M . Under the 
assumption of a linear time-invariant (LTI) acoustic sys-
tem and in the absence of noise, the acoustic pressure 
acquired by the mth sensor can be expressed as

where symbol * denotes the linear convolution operator, 
p(rm, t) is the time domain sound pressure measured at 
location rm , s(t) is the signal emitted by the source, and 
hm,s(t) is the room impulse response (RIR) function that 
describes the transfer path of sound from the source in rs 
to the receiver at rm . Notice that due to the LTI assump-
tion and in ideal conditions with unbounded domain, 
the RIR in  (1) is solution of the inhomogeneous wave 
equation

(1)p(rm, t) = hm,s(t) ∗ s(t),
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where c is the speed of sound, ∇2 is the Laplacian opera-
tor, and the source term s is considered to be dependent 
on position rs in this instance.

Obtaining a RIR experimentally typically entails the 
use of a receiver-emitter combination, the first of which 
records the variation in sound pressure over time pro-
duced by the latter through the principle of transduction 
(i.e., microphone and loudspeaker), as well as a post-
processing stage, which requires the deconvolution of the 
acquired signal with respect to the emitted source sig-
nal [53, 54]. In practical applications, the sound pressure 
is acquired at M discrete sensor positions and is com-
monly organized in a N ×M matrix defined as

where pm ∈ R
N×1 is the vector containing the N-length 

sampled pressure (1) at position rm and time tn ⊂ t.

2.2 � Problem formulation
This section addresses the challenge of determining a 
function that accurately represents the pressure field 
p(r, t) in a source-free region based on a restricted set of 
observations p̃(rm, tn) . With M denoting the set of sen-
sors or measurements and M is the cardinality of M (i.e., 
M = |M| ), the objective is delineated by

where β are the model parameters. The problem is con-
strained by the homogeneous wave equation since the 
bounded region does not include any sources [43]. Thus, 
the aim is to minimize the discrepancy between the esti-
mated pressure function and the observed data while 
adhering to the wave equation constraint either implic-
itly (analytic basis function expansions) or explicitly. To 
explore the sensitivity of a model to sensor array deci-
mation, we limit the set of measurements to a subset 
of the original set, denoted as M̃ , where M̃ ⊆ M and 
|M̃| = M̃ < M.

3 � Proposed method
This study formulates the constrained optimization prob-
lem in (4) using a PINN, thus adopting a neural network 
N (·) that takes as input the signal domain, i.e., the sca-
lar time and position values where the pressure is to be 

(2)
(

∇2 −
1

c2
∂2

∂t2

)

p(rm, t) = s(rs, t),

(3)P = p̃(rm, tn) = [p1, . . . ,pm, . . . ,pM],

(4)

β̂opt = arg min
β

∑

m∈M

∑

n

(

|p(β , rm, tn)− p̃(rm, tn)|
2
)

s.t.
(

∇2 −
1

c2
∂2

∂t2

)

p(β , r, t) = 0,

evaluated, and provides as output an estimate of the pres-
sure field. This implies that the function of pressure is 
given by

where � are the neural network parameters. Therefore, 
we can rewrite the optimization in (4) in order to find the 
optimal weights �opt that parameterize the network as

Notice that although the data-fidelity term in (6) is 
computed only with the available observations in M , 
the physical regularization given by the wave equation is 
applied for all positions r in the domain.

Given that the optimal weights �opt have been 
obtained, one can obtain the particle velocity via Euler’s 
equation of motion (a result of conservation of momen-
tum) [48]

between time t0 and t, where the gradient ∇N (�opt, r, t) 
is obtained via automatic differentiation, while ρ repre-
sents the density of the fluid medium.

Together with the pressure and the particle velocity, the 
instantaneous intensity field is obtained from the product

which allows for a complete characterization of the 
reconstructed sound field anywhere in the domain of 
interest.

3.1 � Neural network architecture description
In the following, we describe in detail the proposed 
model N (·) , along with the definition of the adopted loss 
function and training procedure.

3.1.1 � SIREN‑inspired neural network
The sinusoidal representation networks (SIREN) pro-
posed in [49] aim at leveraging periodic activation func-
tions for implicit neural representations. Based on the 
PINN framework, these models are ideally suited for 
representing complex natural signals and their deriva-
tives, e.g., representation of images, wavefields, video, 

(5)p(r, t) = N (�, r, t),

(6)

�opt = arg min
�

∑

m∈M

∑

n

|N (�, rm, tn)− p̃(rm, tn)|
2

s.t.
(

∇2 −
1

c2
∂2

∂t2

)

N (�, r, t) = 0.

(7)
u(r, t) = −

1

ρ

t

t0

∇p(r, t)∂t

= −
1

ρ

t

t0

∇N (�opt, r, t)∂t,

(8)i(r, t) = u(r, t) · p(r, t),
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and sound [49]. Recent works proved the ability of SIREN 
approach also in the context of SFR  [46, 47]. Therefore, 
inspired by such solutions, we propose PINN-SIREN 
architecture to recover audio signals in a 3D volume.

The devised architecture parameterized by the learn-
able weights � and the input x has the structure of a 
multilayer perceptron (MLP)  [55] with I layers, whose 
structure can be expressed as

where symbol ◦ denotes the function composition opera-
tion. As for the SIREN network [49], the ith layer is char-
acterized by a sinusoidal activation function, namely

where xi , �i , and bi are the input vector, the weights and 
the biases of the ith layer, respectively, and ω0 represents 
an initialization parameter [49].

3.1.2 � Input/output data
The network input is the N ×M × 4 tensor represent-
ing the combination of all the possible points of the 
domain, i.e., time samples and 3D spatial coordinate, of 
the desired microphones, namely

On the other hand, the output of the network is the 
scalar pressure values of p̂(tn, xm, ym, zm) which can then 
be reorganized into the N-length time domain pressure 
signals as given by Eq. (3). Moreover, in order to con-
strain the network to satisfy the wave Eq. (6), we compute 
the time and space derivatives of the output with respect 

(9)N (�, x) = (�I ◦�I−1 ◦ · · · ◦�1)(x),

(10)�i(xi) = sin
(

ω0x
T
i �i + bi

)

,

(11)[tn, xm, ym, zm] n ∈ {1, . . . ,N },m ∈ M.

to the input coordinates through the automatic differen-
tiation principle [44].

It is worth noticing that authors in [49] normalized the 
input of SIREN architecture, both time and space coordi-
nates, in the range [−1, 1] to converge towards a correct 
numerical solution. Moreover, they showed how the ini-
tialization of the parameter ω0 in (10) for different values 
spans multiple periods of the sinusoidal activations over 
[−1, 1] and how it affects the frequency content of the 
reconstructed signals.

In this work, differently from the experiments pre-
sented in  [49] that consider a single time domain sig-
nal, the devised network structure is modified in order 
to deal with 4D input domain  (11). Moreover, although 
we consider the space components, i.e., x, y, and z, of 
the input in the range [−1, 1] as in [49], we increase the 
range of the time component in [−100, 100] . Impos-
ing such a different time range with respect to the space 
coordinates is equivalent to adding a constant multipli-
cation term to the weights of the input layer of the net-
work, as demonstrated in the supplementary material of 
[49]. This different normalization enables the network to 
separately process the frequency contents in time and 
space domains. Indeed, the problem under consideration 
requires to focus on high frequencies for the estimation 
of the speech signal and on low spatial frequencies to 
correctly interpolate the sound field in the desired region.

3.1.3 � MLP structure
The proposed architecture  (9) has been implemented in 
PyTorch and it is composed of I = 5 layers of 512 neu-
rons, as depicted in Fig. 1. The input layer and the three 
hidden layers are characterized by sinusoidal activation 

Fig. 1  Schematic of the proposed MLP architecture. The time and spatial domain points are depicted in input, while the estimate of the acoustic 
pressure is represented in output. The 3 hidden layers with 512 neurons are characterized by sinusoidal activation functions, while the last layer 
is linear
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functions (10), while the output layer has a linear activa-
tion function, thus achieving a total number of learnable 
parameters around 790 000 . Moreover, the initialization 
frequency ω0 in  (10) is experimentally set to 0.5 for the 
first layer, while ω0 = 30 for the hidden layers. Finally, 
due to the scaling of the input collocation points, we also 
scale the speed of sound to reflect the scaled travel time 
during training.

3.1.4 � Training procedure
To incorporate the physical constraints outlined in the 
wave Eq. (6) to the network, we employ the following loss 
function

Here, p̂ and p̃ denote the network estimate and the 
measured sound pressure, respectively. The summation 
over Q positions is performed to ensure the fulfillment of 
the wave equation in a batch-like setting. Essentially, Eq. 
(12) represents the Lagrangian form of the constrained 
objective detailed in Eqs. (4) and (6). The parameter 
� in  (12) serves to balance the contributions of the two 

(12)

L =
1

M

∑

m∈M

∑

n

∥

∥p̂(rm, tn)− p̃(rm, tn)
∥

∥

2

+ �
1

Q

Q
∑

q=1

∑

n

∥

∥

∥

∥

∇2p̂(rq, tn)−
1

c2
∂2

∂t2
p̂(rq, tn)

∥

∥

∥

∥

2

.

terms in the loss function and has been maintained at a 
constant value of 1 · 10−5 throughout this study select-
ing the best between the values in the range [10−2, 10−8] 
through a Grid Search approach.

We train the devised model for 3000 iterations on a sin-
gle NVIDIA Titan RTX GPU with 24 GB of memory, and 
we adopt Adam optimizer [56] with learning rate equal to 
5 · 10−5 to compute the gradient descent algorithm.

4 � Results
In the following, we present the results of the sound 
field reconstruction method considering different sub-
sets of available observations. Firstly, we provide the 
setup adopted and examples of acoustic field recon-
struction in the desired 3D region. Then, we compare 
the performance with respect to the kernel interpolation 
method [6] and the TESM [17] approaches.

4.1 � Setup
We consider the MeshRIR dataset  [52] to evaluate the 
devised method with measured data. This dataset collects 
RIRs inside a 3D region measured from a single source 
position placed outside the cuboidal space, as depicted in 
Fig. 2a.

The RIRs at each position have been measured with an 
omnidirectional microphone (Primo, EM272J) by record-
ing the signal emitted with a loudspeaker (DIATONE, 

Fig. 2  Setups adopted for the devised 3D sound field reconstruction method. The square-shape orange marks are microphones in M , 
while the circle-shaped blue marks represents the available observations M̃ . In a, the 64 positions of the acoustic field are depicted, while b, c, 
and d show the different setups with 75 %, 50 %, and 25 % of available microphones, respectively. The head icon represents the source position
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DS-7), as described in  [52]. The measurements have 
been conducted inside a room with dimensions 
7× 6.4 × 2.7 m , reverberation time T60 = 0.38 s , and 
temperature around 26.3 ◦ C; thus, the estimated sound 
speed is c = 346.8m/s.

We consider different subsets of the MeshRIR data to 
retrieve the acoustic field in M = 64 positions arranged 
in an equally spaced grid of 4 × 4 × 4 points, with inter-
sensor distance d = 0.1m in the x, y, and z dimension. 
The desired speech signals are obtained according to (1) 
with the convolution operator between the measured 
RIRs and a clean speech recording, thus obtaining the 
time domain signals sampled at 16 000Hz . Moreover, due 
to the capacity limitations of the GPU memory, we con-
sider signals with N = 800 samples, and we recover the 
acoustic fields for different randomly selected windows 
of the speech signals. Therefore, we collect the pressures 
in the matrix P ∈ R

800×64  (3), which represents also the 
ground truth of the reconstruction method.

With reference to Fig.  2, we consider three different 
scenarios in which 3/4, 1/2, and 1/4 of the total sensors 
M are available. In the following, we will denote with 
M̃75% , M̃50% , and M̃25% the set of available observa-
tions corresponding to 48, 32, and 16 randomly selected 
microphones, respectively.

Figure 2a shows the set M of microphones correspond-
ing to the desired |M| = 64 sensors. The different setups 
with M̃75% , M̃50% , and M̃25% of the available observa-
tions are depicted in Fig. 2b, c, and d, respectively. Aim-
ing to recover the time domain pressure signals in the 64 
positions of the 3D region from different available obser-
vations, we denote the pressure estimations with differ-
ent subscripts to identify the dimension of observation 
subset in input, namely P̂75% , P̂50% , and P̂25% . The PDE 
term in (12) is instead evaluated over the entire set of 
available points Q = M ensuring that the wave equation 
is satisfied over the entire data set.

4.2 � Evaluation metrics
The performance of the reconstructions is assessed in 
terms of the normalized mean square error (NMSE), 
expressed in decibel, with perfect reconstruction when 
NMSE is at −∞ . In particular, we compute the error 
between the estimated data and the reference acoustic 
field as

Moreover, to evaluate the reconstruction accuracy in 
the positions that do not belong to the available observa-
tions, i.e., m /∈ M̃ , we define with

(13)NMSE(P̂,P) = 10 log10
1

M

M
∑

m=1

∥

∥p̂m − pm
∥

∥

2

�pm�
2

.

the NMSE of the missing measurement positions, and 
with

we consider the error between the available observation 
and the fitted data.

4.3 � Validation
In order to assess the effectiveness of the proposed phys-
ics-informed methodology, we evaluate the reconstruc-
tion performance in ten different randomly selected time 
windows of the speech signals. Therefore, we evaluate P̂ 
multiple times considering all the time windows and the 
three different scenarios of microphone setups.

In Fig. 3, we show different examples of acoustic field 
reconstruction for different time snapshots. The first col-
umn depicts the ground truth P of the sound field, while 
the second, third, and last columns show the reconstruc-
tions P̂75% , P̂50% , and P̂25% , respectively, computed from 
the devised network (9). Notice that the 3D sound field is 
depicted in the xy-plane at different z elevations and time 
snapshots. Moreover, the pressure fields of each row are 
normalized in the range [−1, 1].

Inspecting the results, we observe accurate reconstruc-
tions of the sound fields for all the different microphone 
setups considered, as confirmed in Fig.  3. As expected, 
P̂75% achieves the best performance with an aver-
age NMSE = −20.71 dB , while the average NMSE (13) 
decreases to −18.81 dB and −13.88 dB when consider-
ing M̃50% and M̃25% of microphones, respectively. As a 
matter of fact, the different numbers of observations that 
sample the acoustic field highly impact the overall recon-
structions in the desired 3D region. However, even start-
ing from 16 microphones, the reconstruction is close to 
the ground truth, as can be observed in Fig. 3d.

4.4 � SOTA comparison
In order to validate the devised methodology also with 
respect to state-of-the-art approaches, we compare the 
resulting estimations with two model-based methods 
and a data-driven method for sound field reconstruc-
tion. We compute the acoustic reconstructions in the 
desired 3D region with the kernel method  [6] and the 
TESM  [17]. To compare with a data-driven approach, 
we follow  [39] and train a GAN on random wave fields, 
with a multi-layer perceptron generator network and 
a convolutional discriminator network. This GAN is 

(14)

NMSEVAL = 10 log10
1

M − M̃

∑

m/∈M̃

∥

∥p̂m − pm
∥

∥

2

�pm�
2

(15)NMSESIG = 10 log10
1

M̃

∑

m̃∈M̃

∥

∥p̂m̃ − pm̃
∥

∥

2

�pm̃�
2
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then “inverted” to obtain the wave-field coefficients that 
explain the data, serving as a data-driven prior for sound 
field reconstruction.

The three-dimensional reconstructed sound fields 
using kernel ridge regression [6] are obtained using 
� = 10−3 as regularization parameter, a sampling rate 
of 16 000Hz , and a kernel filter defined in 1025 points. 
On the other hand, differently from the original TESM 
introduced in  [17], we modified the number and posi-
tion of the equivalent sources. Following [18], the TESM 
is designed solved using variational Bayes to approxi-
mate the posterior coefficients of the equivalent sources, 
where we apply a zero-mean Laplace distribution over 
the coefficients with a scale of σLap = 0.1 , thereby pro-
moting sparsity in the solution. Finally, the parameters 
of the variational distribution are optimized using the 
Adam optimizer with a learning rate of η = 0.01 . Specifi-
cally, we arrange 400 equivalent sources in a sphere with 
radius 0.72m . Although defined in frequency domain 
and time domain, respectively, both kernel interpola-
tion and TESM approaches are constrained to satisfy 
the physical law of wave propagation (4). In general, they 

are able to provide good reconstructions of the acoustic 
fields for each of the considered subsets of observations. 
The GAN-based approach is trained in a similar man-
ner to [39] in terms of adversarial objective and training 
hyperparameters, except in this case we implement the 
generator network as a multi-layer perceptron (MLP) 
consisting of 6 linear layers, each followed by leaky-ReLU 
activations. The input layer consists of 100 neurons, 
while the output layer corresponds to coefficients of dis-
crete plane waves, distributed uniformly in all directions. 
In particular, the output layer consists of 1800 neurons, 
corresponding to the number of waves. Each hidden layer 
is composed of 512 neurons.

In Fig.  4, we show an example of reconstruction of 
time domain signal in a position that does not belong to 
the available observations, and we compared it with the 
ground truth pressure p. The estimate of the proposed 
method pPINN is depicted above, while the kernel and 
TESM reconstruction, denoted as pKernel and pTESM , 
respectively, are below. In general, the three reconstruc-
tion methods fit the ground truth signal. Notice that dif-
ferently from the pPINN , some errors in the initial and 

Fig. 3  Reconstruction examples at different time snapshots computed from different subsets of observations. The normalized magnitude 
of the acoustic field is depicted in the xy-plane at the different elevations of the desired grid points. Column a show the ground truth of the sound 
field. In column b, c, and d, the reconstructions computed from 75% , 50% , and 25% of microphones are depicted along with the NMSE value 
with respect to the recovered acoustic field and the ground truth in the plane. The sound field in each row is normalized in the range [−1, 1]
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final parts of the signal are present for pKernel and pTESM . 
This is due to the filter in the frequency domain for the 
kernel method [6] and to the causal convolution operator 
for TESM [17]. Indeed, by computing the MSE between 
the different approach and the ground truth pressure of 
the example reported in Fig. 4, we achieve −60.07 dB for 
the proposed approach and −49.94 dB and −55.68 dB of 
MSE for the kernel method and TESM, respectively.

To provide a quantitative evaluation of the proposed 
technique, we compute the reconstruction accuracy 
for all the considered time windows of the signal. Fig-
ure  5 shows the mean and standard deviation error of 
the NMSE for the proposed PINN method and the two 
model-based approaches for the three different obser-
vation setups M̃ . In particular, the NMSEVAL  (14) com-
puted for m /∈ M̃ and NMSESIG  (15) computed for 
m ∈ M̃ are depicted in the Fig. 5a and b, respectively.

From Fig. 5a, we can notice that the proposed approach 
and the kernel method outperform TESM in average 
for all the configurations. As a matter of fact, the mean 
NMSEVAL for TESM are −10.03 dB , −11.6 dB , and 
−12.05 dB for M̃25% , M̃50% , and M̃75% experiments, 

respectively. Although the devised method and the ker-
nel method achieve similar reconstruction results around 
NMSEVAL = −12 dB for the case M̃25% , hence with 
M̃ = 16 microphone observations, the proposed PINN 
approach reaches better reconstruction performance 
with a NMSEVAL difference of 2.16 dB and 6.71 dB with 
respect to M̃50% and M̃75% , respectively. Moreover, 
notice that the standard deviation of the proposed PINN 
and kernel methods are similar in the three conditions 
with values around 3.5 dB , 3.8 dB , and 3.88 dB when mov-
ing from M̃75% to M̃25%.

Investigating the results, we believe the similar 
NMSEVAL performances for M̃25% are due to the rela-
tively small dimension of the 3D region. With an aperture 
of 0.3m in all the three dimensions, the kernel method is 
able to provide good interpolations of the available sig-
nals  [6]. Moreover, inspecting the NMSESIG in Fig.  5b, 
we can notice that the kernel method retrieves the best 
fit of the available observations with NMSESIG equal to 
−26.72 dB , −24.46 dB , and −23 dB for the 1/4, 1/2, and 
3/4 of measurements. This is due to the design model 
of the interpolation problem, while the PINN method 

Fig. 4  Example of reconstruction comparison of an unknown signal in time domain. From above to the bottom, the estimate of the proposed 
method pPINN and the reconstructions obtained with the kernel method pKernel and TESM pTESM . Each diagram is depicted with the ground truth p 
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behaves with a similar trend as the reconstruction for the 
unknown signals with a NMSESIG around −21 dB . As a 
matter of fact, to provide the desired wave equation reg-
ularization, the physical term in the loss function of the 
proposed network  (12) spreads the error on the whole 
desired domain without focusing only on the available 
observations.

Although the devised PINN method is designed in time 
domain, we report in Fig. 6 a frequency domain example 
of reconstructed signal for an unknown observation, i.e., 
m /∈ M̃ . The magnitude of the frequency domain pres-
sure for the three reconstructions |P|PINN , |P|Kernel , and 
|P|TESM are depicted in dB along with the ground truth 
|P|. We can notice that the proposed method reaches 
the best accuracy with respect to the two model-based 
methods. Although the trough around f = 80Hz is not 
detected, at low frequencies the PINN method is able to 
match the desired reconstruction somewhat better than 
the two baselines, providing an overall improvement of 
the MSE between the estimate and the ground truth spec-
tra of 5.3 dB and 3.2 dB with respect to the kernel method 
and TESM, respectively. Moreover, the devised solution 
can capture the frequency contents up to f = 2500Hz , 
while both kernel and TESM reconstructions decrease 

the accuracy after 1000Hz and 2000Hz , respectively. 
Remaining in the frequency domain, Fig.  7 compares 
the performance of the proposed method with a GAN-
based reconstruction, trained on random wave fields. The 
GAN method, which necessitates an iterative approach 
for pressure reconstruction, can be cumbersome when 
dealing with wideband signals. This limitation under-
scores the attractiveness of the PINN’s time domain 
formulation. The results demonstrate that while both 
methods perform comparably at low frequencies, with 
the GAN-based approach even outperforming on the 
PINN in some cases (i.e., for NMSEVAL M̃50% at 200 
Hz). However, the GAN exhibits performance degrada-
tion at higher frequencies. This is likely due to the low-
frequency bias inherent in neural networks with ReLU 
activation functions  [57] requiring more specialized 
architectures to overcome this limitation.

4.5 � Intensity field computation
In addition to describing the pressure field, the PINN 
provides a thorough characterization of the sound field 
through the reconstruction of intensity flows, governed 
by Eq. (8) and illustrated in Fig.  8 Here, the intensity is 
projected on the three facets of a cuboid volume and the 
trajectories of air particles within the room are deline-
ated by streamlines, with directional arrows indicating 
their path. Additionally, the contours convey the magni-
tude of the reconstructed intensity in watts/m2.

At time instant t = 1.612 s (Fig.  8a), the snapshot 
reveals heightened intensity emanating from the speak-
er’s direction �r = (0.15, 0.15, 0.) m, along with lateral 
room reflections (approximately �r = (−0.15, 0.1, 0.08) m 
and �r = (−0.15, 0,−0.05) m). Predominantly, energy is 
directed from the speaker to the origin and from the rear 
room corner �r = (−0.15,−0.15,−0.15) m.

The subsequent snapshot at time t = 1.774 s (Fig.  8b) 
illustrates the phenomenon of destructive interference 
between oppositely propagating wave fronts. Given that 
the intensity vector is normal to the propagation direc-
tion, energy convergence towards zero along the y axis 
is evident. This observation is further reinforced by the 
periodic nature of the signal (spoken voice), indicating 
wavefronts where pressure and velocity are in phase.

Finally, at time t = 1.94 s (Fig.  8c), substantial lateral 
energy is observed from all directions, corresponding to 
reflections propagating in all directions, contributing to a 
diffuse-like energy distribution.

5 � Conclusions
In this manuscript, we proposed an approach for the 
volumetric reconstruction of speech signals with a 
PINN framework. We proved the devised architecture 
to learn an implicit representation of the acoustic field 

Fig. 5  Mean (column heights) and standard deviation (whiskers) 
comparison of the NMSE between the proposed PINN approach, 
the kernel, and TESM methods for different sets of available 
microphones. a The metric considering the unknown pressure 
signals. b The metrics relative to the available observations



Page 11 of 14Olivieri et al. EURASIP Journal on Audio, Speech, and Music Processing         (2024) 2024:42 	

Fig. 6  Example of reconstruction comparison of an unknown signal in frequency domain. From above to the bottom, the magnitude estimate 
of the proposed method |P|PINN and the reconstructions obtained with the kernel method |P|Kernel and TESM |P|TESM . Each diagram is depicted 
with the ground truth |P| in dB scale

Fig. 7  NMSE of narrowband sound fields between the proposed PINN approach and GAN approach [39] with a the metric considering 
the unknown pressure signals and b the metrics relative to the available observations
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in the target 3D region from a few and sparse micro-
phone observations and regularizing the estimates to 
follow the physical prior knowledge of the acoustic 
propagation, i.e., the wave equation.

Estimating the time domain signals of the pressure 
field, the devised method is able to recover arbitrary 
acoustic fields, with no constraints on the geometry 
and acoustic conditions of the environments. We vali-
dated the proposed approach considering a real dataset 
and considering different subsets of available observa-
tions. The performance has been evaluated in terms of 
normalized mean square error between the sound pres-
sure ground truth and the reconstructions. Moreover, 
we compared the results with respect to two state-of-
the-art methods for the reconstruction of sound field in 
time domain and frequency domain.

We proved that our solution outperformed both the 
baselines preserving the frequency contents of the 
acoustic field. Furthermore, to show the potentiality of 
the proposed PINN method, we presented an example 
of intensity field retrieved from the network estimates, 
by exploiting the automatic differentiation principle.

The results prove how the combination of data-driven 
approach with the regularization provided by the physi-
cal propagation prior of acoustic fields can increase 
the accuracy of state-of-the-art models, both in time 
domain and in frequency domain. Nevertheless, we 
believe the potentiality of such PINN approach in the 
context of sound field reconstruction can be further 
exploited for the processing of large 3D region, such 
as in rooms or concert hall. Moreover, from this pre-
liminary study, we plan to extend the methodology con-
sidering arbitrary sound fields generated from different 
acoustic sources, e.g., music or noise signals, in differ-
ent acoustic environments.
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