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Abstract

Deep learning and Neural Networks strategies have become very popular
in the last year as tools for image and data processing. As for acoustics,
neural network-based approaches have been typically used to recognize au-
dio patterns or features or to spatially localize a single emitting source like a
speaker. More recently, some authors used deep learning to localize multiple-
sources exploiting the grid-based approach typical of sound source localiza-
tion methods or to filter/improve acoustic maps obtained by more traditional
techniques like conventional beamforming. This paper wants to propose the
use of artificial neural networks (ANNs) for localizing and quantifying mul-
tiple sound sources in a grid-less way. The approach uses the microphones
Cross-Spectral-Matrix (CSM) as input to the network and provides as out-
put both the location and strength of sources contributing to the acoustic
field. The grid-less strategy targets improving spatial resolution and com-
putational efficiency. The proposed solution is discussed on simulated data
for assessing its accuracy and sensitivity. Preliminary investigations on real
data are also reported.

1. INTRODUCTION

Acoustic imaging has represented an important branch of acoustics since
the ’70s, in which the first beamforming algorithms was applied to this field.
Since then, different algorithms and approaches have been developed. Their
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level of complexity has also increased, benefiting from the improvement in
data acquisition and computer computation performances. A quite compre-
hensive review of these techniques is presented in [1] where the main beam-
forming algorithms dealing with source identification, starting from the very
basics and progressing to more advanced concepts and techniques, are pre-
sented, also reporting practical examples referring to different applications.
In [2] a review of the most well-known and state-of-the-art acoustic imaging
methods is also presented; however, the focus there is mainly on aeroacoustic
applications. No matter the approach addressed, all acoustic imaging meth-
ods are based on direct/inverse relations between microphones of the array
and target points of potential sources located on a grid. The spacing between
these points also identifies the best accuracy in identifying the locations of
the noise sources. This means that the true location of sources is highly de-
pendent on the grid design. There have been examples of approaches trying
to overcome this limit. Malgoezar et al. [3] suggest the use of Differential
Evolution (DE) with two alternative energy functions (a Bartlett processor
and a cross-spectral matrix based formulation) to tackle the problem. The
method proved to be quite efficient in the cases considered by the authors:
the Bartlett energy function seemed to have better performance even though
it has the disadvantage of not determining the source strength. Liua and
Bolton [4] proposed an ESM-based (Equivalent Source Model) approach in
which a non-linear optimization was performed to identify source locations
and strengths that achieved the least discrepancy between the measured and
the model-predicted sound fields. Indeed, the ES model characterizing the
tensor approach discussed in their paper allows the component locations of
the sources to be undetermined and allows different sources to have different
locations. Liua and Bolton demonstrated the efficiency of their approach in
reconstructing the sound field of a loudspeaker tested in anechoic conditions.
The present paper wants to follow the same philosophy of the previous papers,
i.e. avoid the necessity of working with grids, by exploiting the non-linear
modeling capabilities of neural approaches. Even though the use of neural-
based approaches in acoustics is not new, with literature reporting examples
addressing the identification of direction of incoming acoustic waves in pres-
ence of noise and reverberation [5], the estimation of the three-dimensional
location of an acoustic source from the raw audio signal [6] (see [7] for a sur-
vey of recent advances of machine learning and deep learning in acoustics),
there are fewer documents reporting the use of microphone arrays and neu-
ral approaches for localizing multiple acoustic sources. In [8], for instance,
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a weighted minimum variance distortion-less response (WMVDR) algorithm
is proposed for far-field sound source localization in noisy environment. The
broadband beam-forming is computed in the frequency-domain and a ma-
chine learning method is used for selecting only the narrow-band components
that positively contribute to the broadband fusion. In [9] Kujawski examines
whether the use of deep neural networks can lead to an accurate character-
ization of single point sources from microphone array data. Starting from
conventional beamforming maps, the proposed method filters out the map
in order to extract the source location with sub-grid accuracy. The source
coordinates are thus obtained, together with their respective strengths. The
application takes advantage from the residual network architecture, a well-
established model in the field of image recognition. In [10] Chen proposes
a two-step method for real-time multiple-source direct localization by mod-
ular neural network. In this method, the area of interest is divided into
multiple sub-areas and Multi-Layer Perceptron (MLP) neural networks are
employed to detect the presence of a source in a sub-area and filter sources
in other sub-areas, while radial basis function (RBF) neural networks carry
out the position estimation. In [11] the first example in which a neural net-
work approach is used to directly process microphone array data for acoustic
mapping is presented. The complex Cross Spectral Matrix is fed to a convo-
lutional neural network (CNN) and the training is performed considering the
source distribution as the output. There is no need of providing any prop-
agation function and microphone positions in advance, nor any knowledge
of the physical meaning of the experiment. Although sidelobes may appear
in some situations, the proposed technique takes advantage from the very
high computing speed with respect to traditional methods. Even if the idea
might be promising, their results are yet unpractical, presenting output maps
with a very rough resolution of a 10 × 10 point grid. With the intention of
exploiting hidden patterns and regularities in Cross Spectral Matrices, this
work proposes a neural-network-ensemble methodology for estimating both
positions and strength of sound sources in a grid-less approach. A novel
arrangement of the the microphones Cross-Spectral Matrix is proposed as
input to the neural model. This new arrangement aims at preserving the
real and imaginary part of the CSM in a more compact formulation. The
method presented in the paper is particularly targeted to those applications
in which fixed microphone array installations are used (e.g. industrial in-
stallations), as the training phase can be performed just once, while the
extraction of source locations and strengths can take place in quasi-real time
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with accuracy comparable to the one of deconvolution or inverse approaches,
whose computing time is highly related to the settings of the investigation
grid. The paper is organized as follows: section 2 discusses the approach pro-
posed, while section 3 reports results from both synthetic and experimental
datasets; section 4 draws the main conclusions of the work.

2. MATERIAL AND METHODS

2.1. Data-set creation

When dealing with Neural-based techniques it is of quite importance to
collect significant amount of data to be used in the training, validation and,
eventually, testing phase of the model. To achieve this goal, a ”synthetic
data generator” has been developed. The code was designed to perform the
following tasks:

• generate/load microphone arrays of various design (e.g. random, spiral,
etc.) with M microphones;

• generate a set of monopole sources (either fully/partially correlated or
uncorrelated), each s-th source characterized by:

– random location rs(x, y) on a given area at a given distance from
the array;

– random strength Qs.

• propagate the sources from their locations to each q-th microphone of
the array, so as to generate a complex vector of noise-free pressure p̂
at microphone locations;

• simulate acquisition noise at microphone locations; this is done by con-
sidering additive and multiplicative noise at a certain Signal-to-Noise
Ratio (SNR). The noise term on each microphone is calculated, accord-
ing to [12, 13], as

zq = 10−SNR/20

(
γeiεp̂q + δeiζ

√
‖p̂‖2
M

)
, (1)

where γ and δ are zero mean Gaussian random variables (V ar(γ) =
V ar(δ) = 1), ε and ζ are random variables uniformly distributed be-
tween 0 and 2π. The complex noise vector is z and the total pressure
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is p = p̂ + z .

• order the sources in descending strength order;

• express the phase of each source as phase difference with respect to the
strongest source;

• generate the Cross Spectral Matrix (C) for the microphone array adopted,
in accordance to (2);

C = E
(
ppH

)
(2)

where E is the expectation operator working on Ξ realizations of the
complex pressure vector p, whose elements are the noisy complex pres-
sures Pm(ωk) provided at each microphone location, and the superscript
H represents the complex conjugate transpose operator.

Given the M microphones, S sources at a given frequency and a popula-
tion of N random sets of data, a 3D-complex CSM matrix of M ×M ×N in
size can be obtained. The corresponding actual set of noise sources is stored
in a 3D matrix of 4 × S × N elements, being each source defined with 2
position coordinates, the strength and the phase.

2.2. Data pre-processing

The main idea underling the approach proposed in this paper grounds
on the consideration that acoustic sources at given locations, and of given
strengths, combine to provide an image of the sound field that is reflected
in the microphones CSM. Under this assumption, the CSM itself can be
considered as an image. Hence, a neural model can be trained to identify
modifications to this image, thus relating the CSM to source locations and
strengths. Keeping this ”image-like” representation of the CSM, it is clear
that the CSM should be somehow rearranged to be digested by neural mod-
els. Indeed, when dealing with images, neural models can either work with
color images (hence three-dimensional matrix whose third dimension carries
the color planes - e.g. in a RGB representation) or grayscale images (two-
dimensional matrix representation). To be represented in an ”image-like”
arrangement, the CSM C should be rearranged to suit one of the former rep-
resentation avoiding redundancy. The CSM is Hermitian in nature; moreover,
in many applications the main diagonal carries microphones self-noise (this
is because each individual channel can be contaminated by inchoerent noise,
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and the contamination will be concentrated on the diagonal of the CSM if as-
suming stationary signals and long-time averaging) hence should be removed.
The CSM C can then be transformed in a new two-dimensional square ma-
trix, Ĉ ∈ R of M ×M , by combining its real and imaginary parts as follows:
the upper triangular part of <(C) becomes the upper triangular part of Ĉ,
while the upper triangular part of =(C) becomes the lower triangular part
of Ĉ. The main diagonal is set to zero. This is represented graphically in fig.
1. The input CSM Ĉ should then be standardized according to equation (3),
where ckl is the k, l element of Ĉ, and µ and σ are respectively Ĉ mean and
standard deviation, in order to have a mean of 0 and a standard deviation
of 1. Standardizing inputs is useful when non–linear activation functions are
applied and it helps avoid getting stuck in local optimal points [14, 15].

ĉ′kl =
ĉkl − µĈ

σĈ
(3)

Standardizing the CSM does not alter the geometric information about source
locations carried by the CSM. However, it is clear that it prevents the possi-
bility to predict the absolute strength of each source. However, the relative
strength ratios with respect to the strongest source are kept, given the linear
nature of the standardization operation.

Figure 1: CSM Pre–processing: rearrangement of CSM to move from complex-valued to
real-valued data to be used as input to the neural model.

2.3. Multi-Layer Perceptron model

The neural network model proposed in this paper is based on a Multi-
Layer Perceptron (MLP) approach targeted to regression: given a set of
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input-output continuous variables, the task of the model is to predict new
continuous outputs given new statistically independent input data.

MLP is a specific class of feed-forward Artificial Neural Networks (ANNs)
that has (i) an input layer, (ii) one or more hidden layers, and (iii) an output
layer, which can be shaped based on the task (i.e. classification or regres-
sion in most cases). The model proposed in this paper, shown in fig. 2, is
based on a MLP architecture with six hidden layers, with Rectifier Linear
Unit (ReLU) and Linear activation functions. More precisely, the network
layers’ dimensions and types are shown in table 1, for a total number 845612
parameters1.This number of parameters implies that N (random set of data)
should be set to ensure 4 × S × N � network parameters. For instance, in
the tests reported in this paper, a dataset of one million testing cases (N)
and three sources (S) was used to comply with this condition.

Figure 2: Collapsed CSM is mapped to Multi-Layer Perceptron’s input layer

The CSM, collapsed into one dimensional array, is given as input, while
location and strength (amplitude and phase – relative values with respect to
the strongest source) of the acoustic sources are given as outputs for training
the model. The ReLU activation function is given by equation (4) and even
with a domain ranging from −∞ to +∞, the output can not assume nega-
tive values. ReLU usually helps the model learning non-linear interactions
and effects, and several works demonstrate significant gains in final system

1One weight for each connection between two neurons plus one bias for each neuron.
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Layer No. No. of Neurons Activation Function Type
1 4096 ReLU Input
2 200 ReLU Fully Connected
3 100 ReLU Fully Connected
4 50 ReLU Fully Connected
5 20 ReLU Fully Connected
6 2 ReLU Fully Connected

Table 1: Proposed approach’s MLP architecture of the proposed approach.

accuracy and training efficiency [16–18].

f(u) =

{
0, for u < 0

u, for u ≥ 0
(4)

Since the problem is modeled for regression, outputs are unbounded, so a
Linear activation function for the output layer is chosen. The Linear activa-
tion function ranges from −∞ to +∞, consequently the output can assume
any value.

Five different models are trained in order to predict:

• (x1, y1), the location of the first strongest sound source.

• (x2, y2), the location of the second strongest sound source.

• q2, the module of the strength of the second strongest sound source
relative to the strongest one.

• (x3, y3), the location of the third strongest sound source.

• q3, the module of strength of the third strongest sound source relative
to the strongest one.

Mean Squared Error (MSE) is used as loss function, which is defined as:

L(v − v̂) =
1

N̂

N̂∑
j=0

(v̂j − vj)2 (5)

where v̂j and vj are the predicted and simulated values of the j-th output

and N̂ is the total number of simulation performed.
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2.4. Training, Validation and Test data sets

Two different data sets were investigated to prove the performance of the
approach. One data set is a synthetic data set, while the second one is related
to a real experiment performed in semi-anechoic conditions.

2.4.1. Synthetic data set

The synthetic data set was created considering M = 64 microphones
arranged to form a Vogel spiral [19] according to the following equation (polar
co-ordinates):

r = R

√
m

M

φ = 2πm
(1 +

√
V )

2

(6)

with R = 0.5 and V = 5.
One million of CSM cases, in which each CSM Cn (n = 1...N) was ob-

tained over Ξ = 100 realizations, were synthesized with three sound sources,
all emitting at 4 kHz, in each case. The location of these sources was varied
in the range [-0.5 m; +0.5 m] in x and y coordinates (array to target distance
= 2 m) to comply with a uniform random distribution. The strength of the
three sound sources was also normalized with respect to the source with the
maximum strength and varied to have uniform distribution in a dynamic
range of 20 dB. The synthetic data were then split into Training, Test and
Validation sets in a ratio of 8:1:1 for the training phase. Weights were ini-
tialized randomly. The batch size was set to 5000 and the number of epochs
to 50. The Adam optimizer was used with default settings as reported in [20].

2.4.2. Experimental data-set

The experimental data set refers to the set-up described in [21] and shown
in Fig. 3.

Two loudspeaker were installed 0.6 m far from a microphone array of
M = 43 microphones in random arrangement. The two loudspeakers were fed
with the same random noise (2 kHz-8 kHz) to have fully correlated sources.
Fig. 3 (right) shows the microphones arrangement with respect to the source
location projected over the array area. The MPL model was trained using a
set of synthetic data (N̂ = 800000) in which three sources and the random
microphones arrangement of Fig. 3 were considered. As for the synthetic
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Figure 3: Experimental setup of array measurements on loudspeakers in semi-anechoic
conditions: microphone array vs source locations - cones lying on the bottom were added
for the test, but they are not a fixed installation (left); source locations (centre); micro-
phones and sources distribution (right)

data set of Section 2.4.1, the location of the three sources was varied within
the range [-0.5 m; +0.5 m] in x and y coordinates to generate a uniform
random distribution of potential source locations over the investigation area.
The same dynamic range was also adopted in creating the source strength
distributions.

The aim of this test was to prove the performance of the approach in
case training is performed with a number of sources differing from the ac-
tual number of sources and to demonstrate the absence of dependencies to
array configurations, given the choice of a random array with respect to a
spiral-arranged one. Moreover, it is well known that the behavior of real
loudspeakers differs from that of ideal monopoles used in simulated data
(e.g. emissivity pattern, efficiency, etc.) thus further widening differences
between simulated and real data sets.

3. RESULTS

The experiments highlight good performance in terms of accuracy and
generalization capabilities of the model. Indeed, the approach shows a gen-
erally good learning behavior, avoiding common pitfalls like overfitting [22],
as:

• dataset splits are completely separated;
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• the dataset is composed of an high number of samples (1000000);

• training and testing losses, both in the simulated and real experiments,
are comparably low.

3.1. Synthetic dataset

The five MLP models obtained from the training process of the synthetic
dataset were validated with a further set of synthetic data (N ′ = 100000),
statistically independent from the data-sets used for the training phase.

Fig. 4 shows the loss curves of training and validation for the five models
considered in terms of Mean Squared Error over epochs. It can be seen
that good convergence is obtained for the models within the epoch’s range
adopted.

Figure 4: Synthetic dataset: Model Loss curves over epochs - first source position (a);
second source position (b); second source strength (c); third source strength (d); third
source position (e).
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Figure 5: Synthetic dataset: Histograms of prediction errors for the three sources

The statistical distributions of the location errors for the three sources,
as well as the errors in terms of strength (volume velocity) levels Lq for the
second and third source, are reported in Fig. 5. The errors in strength
levels are reported in terms of dB, since both predicted and ground-truth
values are calculated as ratio between the strength of the current source and
the strength of the strongest source (acting as dB reference). This formu-
lation in presenting results is adopted since only strengths relative to the
strongest source can be estimated by the model, given the standardization
pre-processing the CSM goes through. If looking at the different distribu-
tions, it is well evident the centering around zero mean as well as the absence
of skewed behaviors.

To further prove the efficacy of the approach proposed, Table 2 also re-
ports the average values and the standard deviations of the distributions of
Fig. 5. The standard deviations related to the error locations increase for
the second and and third source up to approximately 1.5λ and 2λ. This
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Table 2: Synthetic dataset: prediction Errors average and standard deviation values for
the three sources

Source 1 Source 2 Source 3
x[m] y[m] x[m] y[m] Lq[dB] x[m] y[m] Lq[dB]

Average 0.005 -0.001 0.006 -0.004 -0.03 -0.005 -0.015 -0.09
Std. Dev. 0.079 0.083 0.129 0.135 0.73 0.189 0.189 2.29

Figure 6: Synthetic dataset: Localization error sensitivity to inter-source spatial distance
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Figure 7: Synthetic dataset: Strength sensitivity to inter-source spatial distance (error
expressed in dB - dBref1m3/s)

suggests that weaker sources can still be localized properly (the localization
is precise), but less accurately. This is also true for the relative strength of
sources. Indeed, if one the one hand the average value of the error on the
strength level keep the same order of magnitude moving from Source 2 to
Source 3, on the other hand this does not apply to the standard deviation
values. Indeed, the standard deviation value associated to the strength of
Source 3 is three times higher than the one associated to the strength of
Source 2. This means, more generally, that the weaker the source, the more
spread can be the result in terms of source location and strength. Still, the
results obtained are important, given the variability of the strength of the
weak sources within a 20 dB range with respect to the strongest source. An-
other aspect worth to be discussed is the sensitivity of the whole approach
to inter-source spatial distance. Indeed, it is interesting to understand how
the approach behaves when sources are closer or when they are farther from
each other. Figure 6 shows the prediction errors on the localization of each
source (calculated as the distance between the predicted and the ground-
truth source location) for the different inter-source distances tested in the
synthetic dataset. It is quite evident that source localization errors tend to
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be more important as the strength of the sources weaken, but the inter-source
distance does not seem to interfere too much on the localization capability of
the whole approach. As far as the strength prediction error is concerned, this
is analyzed in Figure 7 with respect to inter-source distances. Contrarily to
localization error, it seems that a the error on the strength prediction tends
to be more important the closer are the sources to the strongest one. This
is indeed quite expectable, as the strongest source may mask the presence of
weaker sources the closer they are.

3.2. Sensitivity to correlation among sources

The robustness of the approach with respect to the correlation degree of
sources acting in the sound field was also tested by applying the models pro-
posed to the combination of sources vs. training-testing schemes addressed
in Table 3. The same settings reported in Section 2.4.1 were used to gener-

Table 3: Synthetic dataset: combination of training-testing schemes for different source
correlation cases

Training Testing
1. Uncorrelated sources Uncorrelated sources
2. Fully correlated sources Uncorrelated sources
3. Uncorrelated sources Fully correlated sources
4. Fully correlated sources Fully correlated sources

ate two different datasets involving fully correlated and uncorrelated sound
sources. Hence, the main difference between the generated datasets is re-
lated to the correlation degree among the three sources synthesized. The
results of the four combinations reported in Table 3 are provided in Table 4
in terms of global Mean Square Error for the five models developed. In this
table, the Position label refers to the euclidean distance calculated between
the location of the source identified by the model with respect to the ground
truth of that source, while the Strength label addresses the strength of a
source with respect to the strongest. It is interesting to notice that MSE
values are almost the same for all the four combinations addressed. This is
particularly interesting, as it suggests that the approach proposed is robust
to any misinterpretation of correlation levels among the sources.
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Table 4: Synthetic dataset: MSE associated to the combination of training-validation
schemes for the different source correlation cases synthesized

PositionSource 1 PositionSource 2 PositionSource 3 StrengthSource 2 StrengthSource 3

1. 0.004 0.014 0.027 0.004 0.007
2. 0.004 0.013 0.027 0.004 0.008
3. 0.004 0.014 0.027 0.004 0.007
4. 0.004 0.013 0.027 0.004 0.008

3.3. Experimental dataset

Results reported hereafter refer to a frequency of 2kHz; the two sources
are expected to have a strength level Lq = −50.6 dB (dBref1m

3/s) each (the
speakers are fed with the same random noise, as reported in 2.4.2).

Figure 8 shows the results obtained with the proposed approach (∗) with
respect to the actual location of the speakers (dashed circles). The results
obtained performing, on the same dataset, CLEAN-SC on two different cal-
culation grids (5 mm,◦, and 1 mm,+) are also reported in the same figure.
Both the three approaches seem to identify quite well the two loudspeaker,
even though it seems that CLEAN-SC tends to localize the sources towards
the edge of the loudspeakers’ cone. It should be highlighted that, for eas-
ing the comparison among the approaches, data of CLEAN-SC refer to the
maximum values retrieved by the method.

It should be also recalled that the neural model infers the strength of
all sources with respect to the strongest. To retrieve the strength, a steep-
est descent optimization algorithm was adopted. The algorithm uses the
locations of the sources identified by the neural model and builds synthetic
CSMs assigning different strengths to the strongest source. Since the relative
strengths of the other sources with respect to the strongest are known, it is
possible to synthesize a CSM by propagating all sources at microphone loca-
tions. The cost function in the optimization process is the least square error
between the synthesized CSM and the measured CSM. Optimization stops
when this error is minimized. It should also be highlighted that, since the
relative strengths of the sources with respect to the strongest are known, the
optimization step reduce to a single parameter optimization that can be run
easily and fast. In the following analysis, a free-field analytical propagation
model was adopted.
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The accuracy in reconstructing the source locations and strengths can be
further proved looking at Table 5.

Figure 8: Experimental dataset: actual loudspeaker locations (dashed circles); source
locations from: neural approach (∗), CLEAN-SC on grid with 5 mm spacing (◦), CLEAN-
SC on grid with 1 mm spacing (+)

Table 5: Experimental dataset: source localization and strength (volume velocity) predic-
tion Errors - dBref1m3/s

Source 1 Source 2 Source 3
x[m] y[m] Lq[dB] x[m] y[m] Lq[dB] x[m] y[m] Lq[dB]

Actual source -0.080 0.090 -50.6 0.180 -0.170 -50.6 / / /
NN-approach -0.098 0.098 -50.5 0.173 -0.179 -50.7 0.110 0.262 -61.2
CLEAN-SC (5 mm) -0.055 0.100 -50.6 0.180 -0.130 -51.0 / / /
CLEAN-SC (1 mm) -0.059 0.088 -50.7 0.170 -0.142 -50.8 / / /

It can be seen that the proposed approach well reconstructs both the
locations and the strengths associated to the two sources. The difference
between the actual locations of the sources (considered here as the center
of the loudspeakers) and the reconstructed locations ranges from 7 mm to
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18 mm. Moreover, despite the use of a different array configuration, these
results perfectly fit within the ranges reported in Table 2 if considering a
coverage factor of 2 on the standard deviation values estimated from the
error analysis of Section 3.1.This is a well acceptable error, also considering
the uncertainty associated to the actual location of the noise sources on the
speakers. CLEAN-SC seems to tend to localize the sources towards the edge
of the loudspeakers. It is also interesting to notice that, as far as quan-
tification is concerned, CLEAN-SC underestimated the second source with
respect to the neural approach. Moreover, the strength level of the sources
identified changes when different grid spacings are used. The quantification
errors with respect to the first source are comparable to those of the neural
approach. Indeed, if looking at strength levels, a difference of 0.1 dB with
respect to the actual strength estimated for each source can be noticed on
the neural approach. It is interesting that the the underestimation of 0.1 dB
identified on the second source is actually reported as an overestimation of
the same level on the first source. The neural approach also assigns a very
small value of strength to the third source (not present in the real experi-
ment, but present in the synthetic data set associated to the experimental
test case). However, the strength level associated to this source is more than
10 dB lower than the first source. It is clearly a non-negligible value, yet a
comment is needed: as for the structure of the whole method, the model is
forced to look for three sources, hence the identification of a ”fake” source
might be expected; nevertheless, the strength of this third ”fake” source is
small if compared to those of the other two sources. In this sense, this is a
quite remarkable result, proving that the approach is able to provide precise
output even if the number of actual sources differ from the one adopted in
the training phase. Moreover, spatial accuracy is improved with no limits
associated to the presence of a grid. This is another important result: indeed
commonly adopted algorithms like deconvolution approaches or inverse ap-
proaches, but even simpler methods like conventional beamforming, do have
accuracy and computation time somehow related to the grid resolution (once
the extension of the grid is fixed). The neural approach proposed in this
paper overcomes this limit. In fact, computation time (currently approxi-
mately 25 ms - inference performed on a NVIDIA GEFORCE RTX 2070 +
500 ms for the optimization step) remains unaltered once the neural models
are identified, since the overall approach does not ground on the use of any
grid at all. As proof of this concept, the two CLEAN-SC processing ran in
21 s and 2 s respectively for the 1 mm and 5 mm grid spacing.
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4. CONCLUSIONS

This paper presented a novel neural-network based grid-less Sound Source
Localization approach. The neural model receives as input the Cross-Spectral
Matrix associated to the M microphones of the array, once it is re–arranged
to a non-redundant, real matrix (M ×M in size).
The neural approach is based on MLP class, and provides as output the lo-
cations of multiple sources and the strengths of the sources with respect to
the strongest one. The performance of the whole approach was discussed
on both synthetic and experimental datasets. The two test cases discussed
in the paper demonstrated that the method works fine no matter the array
adopted (number of microphones, array design, etc.), with no limits on the
correspondence between the number of sources involved in the training phase
of the models and the number of actual sources to be identified.
Indeed, the paper is to be listed among those few methods aiming at demon-
strating the potential of neural approaches in array acoustics targeted to
sound source localization and quantification. As such, the authors preferred
to focus on test cases that could be easily interpreted and could easily show
the performance of the method proposed. Nevertheless, the approach pre-
sented could be helpful in those experimental conditions in which the same
array arrangement is used. This is often the case of industrial installations.
In those cases, once the models are identified, the data processing phase,
given the grid-less nature of the method, is extremely fast and might enable
reducing operating costs. Aeroacoustic testing might be one of the applica-
tions that could benefit the most from the adoption of this approach. Of
course, authors are aware that the robustness of the method to identify spa-
tially extended sources, or even sources with more complex directivity is
yet to be proven, but they are currently working in this direction, as they
strongly believe that neural-based approaches will represent, in the near fu-
ture, fertile investigation topics in the array acoustics field, thus playing the
role that deconvolution or inverse approaches have been playing in the last
decades.
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