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Abstract—In this manuscript we propose a methodology for the
reconstruction of sound fields in arbitrary locations based on the
signals acquired by a spatial distribution of compact microphone
arrays (virtual miking). The proposed method is suitable for
operating in reverberant environments, thanks to a two-stage
analysis process, the former of which aims at separating the direct
and the diffuse components of the sound field. The method that
we propose is inherently parametric, as the sources of the acoustic
scene are characterized by parameters describing location and
directivity (spherical harmonics expansion), which are extracted
from the exterior model of the direct component of the sound
field. Once the parameters of the sources are extracted, the direct
sound field at an arbitrary location is reconstructed. The diffuse
component is reconstructed from the joint knowledge of the
diffuse component at the locations of the distributed microphone
arrays, under the assumption of isotropic behavior. Results show
that the proposed technique is able to analyze the sound field
and reconstruct the parameters of the sources that are active in
the scene. In addition, the synthesis of the signals at the virtual
microphone locations turns out to accurately match (in terms of
spatial cues) the actual sound field, as measured by a microphone
places in the desired location.

Index Terms—distributed microphone arrays, virtual micro-
phone, source localization, sound field reconstruction.
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I. INTRODUCTION

THE reconstruction of the sound field is a well known
and challenging problem in the acoustic signal processing

community. Also known as sound field recording or virtual
miking problem, it consists of the reconstruction of the signal
that would be acquired by a virtual microphone (VM) arbitrar-
ily placed in the space, starting from the signals acquired by
different configurations of microphones. With proper analysis
and synthesis techniques, this enables a listener to navigate
a recorded acoustic scene and perceive the spatial sound
characteristics as they were at the recording location.

The solutions that address this problem in the literature
are generally classified into non-parametric and parametric
methods. Non-parametric methods [1]–[8] are based on the
decomposition of the acquired sound field into spatial Fourier
basis functions that are directly derived from the solution
of the wave equation. Although promising, particularly for
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analysis purposes, these methods are usually rather demand-
ing in terms of hardware and computational requirements.
Parametric methods [9]–[18], on the other hand, rely on a
parametric model to describe a sound field in a compact and
general fashion. They usually involve two successive steps.
The first step concerns the analysis of the sound scene and the
estimation of the model parameters. The second step concerns
the synthesis of the desired signal and its implementation
depends on the application. For example, if the goal is binaural
rendering the synthesis step takes into account the influence
of the listener’s head and body, through a directional transfer
function [19]. For the estimation of a VM signal, instead, the
synthesis takes into account other descriptors that are more
suitable for describing a VM, such as their pick-up pattern
[14], [18].

Early parametric models, such as [9] and [12], are based
on a decomposition of the sound field into a direct and a
diffuse sound component together with additional informa-
tion such as the direction of arrival or the position of the
acoustic sources. The direct signal component is attributed
to multiple plane waves at each time-frequency, while the
diffuse sound field component is typically attributed to spa-
tially extended acoustic sources and room reverberation that
occurs in enclosed environments. The models that account
for both direct and diffuse components are known in the
literature as geometric-based parametric models [15]. The
main drawback of methods such as [9] and [12] is that
reconstruction is restricted to the representation of the spatial
sound only at the acquisition location. They are, therefore,
unable to estimate the sound field in locations that differ from
those where the measurement is performed. This limitation,
however, was overcome by recently proposed approaches [14],
[16]–[18] that exploit a parametric model of the sound field
in order to extend the reconstruction at an arbitrary location.
In particular, [16] uses the parametric representation of [9].
The parameters are estimated from the signals recorded in a
single spatial position by a first-order Ambisonics microphone.
However, in order to reconstruct the sound field at arbitrary
positions in the space, information about the distances of
the sound sources from the recording position are assumed
as known a-priori and the physical sources are considered
separated in angle with respect to the recording position.
In [14], instead, multiple distributed microphone arrays are
employed. The authors adopt a geometric-based parametric
model where the parameters consist in the positions of an
isotropic point-like source together with the direct and diffuse
components at such position for each time-frequency bin.
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This enables to place a virtual microphone in any point in
space, independently of where microphones were placed. The
main drawbacks of [14] are that the model does not consider
directional sources; and that the locations of the sources must
be estimated for each time-frequency bin. In [17], [18] the
authors adopt a more complete model of the acoustic sources,
which also incorporate their directivity patterns in free-field
conditions. This way the advantages of a parametric model of
the sound field are preserved, while attaining a more accurate
description of acoustic sources. More precisely, the parameters
to be estimated consist of the position of the sources, their
directivity patterns and the signals emitted. Starting from the
signals recorded by a set of distributed microphone arrays,
these parameters are estimated by sequential spatial filtering
operations with ad hoc designed spatial filters.

In this manuscript we extend the approach presented in [17],
[18] to the case of reverberant environments, while retaining
the parametric sound field representation inspired by [14], but
also refining the model in terms of the acoustic source charac-
teristics. More specifically, the sound field is assumed to be the
mix of a direct and a diffuse component. The direct component
results from the exterior field emitted by the sources and it
is represented using a spherical harmonics expansion. In the
analysis phase, the expansion coefficients are obtained from
the direct component of the microphone signals, estimated
through spectral enhancement, as the solution of a sparse
regularized optimization problem that avoids the need to know
which source is dominant for each time-frequency bin. This
requires the knowledge of the positions of the sources that,
unlike in [14], can be estimated using wideband localization
algorithms. In the synthesis phase the direct component at the
VM is obtained using the estimated spherical harmonics coeffi-
cients. The diffuse component, on the other hand, is assumed
to be isotropic and homogeneous. However, the estimate at
different pairs of microphones can yield different results, due
to residuals of the direct component in the estimation of the
diffuse one. Similarly to [14], the diffuse component at the VM
is estimated as a weighted sum of the estimations at all the
microphone pairs. Furthermore, with the proposed approach
the pick-up pattern and the sensitivity of the VM can be
modeled arbitrarily.

The performance of the proposed method is assessed
through an extensive simulation campaign. The employed met-
rics are aimed at estimating the accuracy of the reconstructed
signals in terms of both spatial features, such as the directivity
patterns of the sources and the overall reconstruction quality.
Some relevant parameters of the sound field at the virtual
microphone position are compared with the ground truth,
along with the signal to distortion ratio resulting from the
reconstruction. We finally investigate the case of a stereo
recording application. From all the results, we can conclude
that the proposed technique can accurately retrieve the main
characteristics of the sound field.

The rest of the manuscript is structured as follows: in Sec. II
we present the adopted sound field model; we offer a complete
formulation of the problem; and we discuss the block diagram
that describes the whole system. In Sec. III we offer a detailed
description of each step of the model parameters estimation.
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Fig. 1. 2D graphical representation of the model. The setup is presented
with A = 4 circular microphone arrays of M = 4 microphones each. Two
sources (N = 2) and two VMs (V = 2) are present in the scene. The
directivity function of the source is superimposed on the plot of the scene.

We then present the synthesis of the VM signal in Sec. IV.
We show the results of the simulation campaign in Sec. V.
Finally, in Sec. VI we offer some conclusive remarks.

II. DATA MODEL AND PROBLEM FORMULATION

In this section we introduce the data model and the virtual
miking problem. We describe the data model in Sec. II-A
starting from the definition of the adopted VM model, here
we also introduce the parameters that need to be estimated.
We then define the model of the signals acquired by the
microphones recording the acoustic scene. Finally, in Sec. II-B
we describe the virtual miking problem with the help of a
block diagram underlying the needs and requirements of the
proposed approach.

A. Data Model

Given a Cartesian coordinate system, let us consider
N acoustic sources, placed in arbitrary locations r′n =
[x′n, y

′
n, z

′
n]

T
, n = 1, . . . , N ; a network of A ≥ 2 distributed

compact microphone arrays with M microphones each, lo-
cated at ri = [xi, yi, zi]

T
, i = 1, . . . ,M × A; and a set of

V VMs positioned in řv = [x̌v, y̌v, žv]
T
, v = 1, . . . , V , as

shown in Fig. 1.
We assume that sources, microphones and VMs lie on

the same plane. Moreover, we define the Region Of Interest
(ROI) where the sources lie as the polygonal region R =
(v1,v2, . . . ,vA), where va is the ath vertex of the polygon.
The vertices are defined as the centroids of each array, i.e.,

va =
1

M

aM∑
i=(a−1)M+1

ri , a = 1, . . . , A. (1)

When only two arrays are present in the acoustic scene, the
definition of the ROI degenerates since we have a polygonal
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region R with only two vertices. In this case, we consider the
ROI as the whole plane where sources, microphones and VMs
lie.

We model the signal of the vth directional VM in řv in the
time-frequency domain as the linear combination of a direct
sound component and a diffuse sound component [14], i.e.,

S(t, ω, řv) = Cv(ω)Sn,dir(t, ω, řv)

+ Qv(ω)Sdiff(t, ω, řv), n ∈ {1, . . . , N},(2)

where t is the time-frame index, ω = 2πf the radial frequency
with f > 0 the temporal frequency, Cv(ω) ∈ R models the
VM microphone pick-up pattern and Qv(ω) ∈ R its sensitivity
to the diffuse field. The model in (2) is valid under the
assumption that the N source signals are sufficiently sparse in
the time-frequency domain [10], [14]. More precisely, when
multiple sources are simultaneously active, their signal content
in the frequency domain must not overlap significantly, i.e. one
source is dominant at each time-frequency bin. Let us denote
with řv,n = řv − r′n = [x̌v,n, y̌v,n, žv,n] the vector pointing
from the source position to the VM position (see Fig. 1) and
with ρ̌v,n, θ̌v,n and ϕ̌v,n the coordinates of řv,n in a spherical
coordinate system, i.e.,

ρ̌v,n =
√
x̌2v,n + y̌2v,n + ž2v,n,

θ̌v,n = arc cos
žv,n
ρ̌v,n

,

ϕ̌v,n = arc tan
y̌v,n
x̌v,n

.

(3)

The term Sn,dir(t, ω, řv) represents the direct sound emitted
by the nth source and received by the vth VM and it is
modelled as the exterior field [1]

(4)

Sn,dir(t, ω, řv)

=

L∑
ℓ=0

ℓ∑
µ=−ℓ

βn
ℓµ(t, ω)hℓ (kρ̌v,n)Yℓµ

(
θ̌v,n, ϕ̌v,n

)
,

where k = 2πf/c, c is the speed of sound, βn
ℓµ(ω) are the

exterior sound field coefficients of the nth source, hℓ (·) is the
ℓth order spherical Hankel function and Yℓµ

(
θ̌v,n, ϕ̌v,n

)
is the

spherical harmonic of order ℓ and degree µ, defined as

Yℓµ
(
θ̌v,n, ϕ̌v,n

)
= KℓµPℓµ

(
cos(θ̌v,n)

)
ejµϕ̌v,n , (5)

with

Kℓµ = (−1)µ

√
(2ℓ+ 1)

4π

(ℓ− µ)!

(ℓ+ µ)!
(6)

and Pℓµ(·) the normalized associated Legendre polynomial.
It is worth noting that despite sources, arrays, and VMs are
assumed to be lying on the same plane, we consider them
as placed in a 3D environment. Hence, in (4) we adopt a
3D propagation model. The term Sdiff(t, ω, řv) represents the
diffuse sound field component and it is assumed as spatially
isotropic and homogeneous, i.e., it arrives with equal strength
from all the directions and its mean power does not vary with
the position [14], [20]. It is worth noticing that in (2) we
implicitly assume that the VM is noiseless.

The signal acquired by the ith omnidirectional microphone
placed in ri is modelled as

X (t, ω, ri) = Xn,dir(t, ω, ri) +Xdiff(t, ω, ri) +N(t, ω, ri).

(7)

The term Xn,dir(t, ω, ri) is the direct sound emitted by the
nth source and received by the ith microphone and, similarly
to (4), is modelled as

(8)

Xn,dir(t, ω, ri)

=

L∑
ℓ=0

ℓ∑
µ=−ℓ

βn
ℓµ(t, ω)hℓ (kρi,n)Yℓµ (θi,n, ϕi,n) ,

where ρi,n, θi,n and ϕi,n are the spherical coordinates of the
vector ri,n = ri − r′n (see (3)). The terms Xdiff(t, ω, ri) and
N(t, ω, ri) are the spatially isotropic and homogeneous diffuse
sound component and the ith sensor self-noise, respectively.
The microphone self-noise N(t, ω, ri) is modelled as an
uncorrelated zero-mean complex Gaussian noise with mean
power

ΦN,ii(t, ω) = E{N(t, ω, ri)N
⋆(t, ω, ri)}, (9)

where E{·} denotes the mathematical expectation and (·)⋆
refers to the conjugate of a complex number.

B. Problem Formulation

The virtual miking problem consists of estimating the
signal of a generally directional and arbitrarily placed virtual
microphone, starting from the signals acquired by a set of
distributed microphone arrays recording the acoustic scene.
In this manuscript we approach this problem in a parametric
fashion. In particular, in Sec. II-A, we developed in (2) and
(7) a parametric model for both the VMs and the microphones
recording the scene, respectively. The proposed solution can be
seen as a system characterized by a set of unknown parameters
that need to be estimated. The inputs to the estimation problem
are the signals X(t, ω, ri), i = 1, . . . , I of the microphones,
their positions ri, the characteristics of each VM, namely the
position řv , the pick-up pattern Cv(ω) and the sensitivity
to diffuse noise Qv(ω) and the number of sources N . In
particular, as regards the latter parameter, it can be estimated
using other sensors in the room (e.g., video-camera) or directly
from the signals at the microphones as proposed, for example,
in [21]–[28]. The output of the algorithm is an estimate Ŝ(řv)
of the VM signal S(řv).

In Fig. 2 a graphical representation of the proposed solution
is depicted. In the block diagram we can identify the two main
phases of the procedure namely the parameters estimation and
the synthesis phase. In the former all the parameters needed
for the synthesis of the VM signal are estimated. In particular,
as it is clear from (2), in order to synthesize the signal at each
VM we need to estimate both the direct Sn,dir(t, ω, řv) and
the diffuse Sdiff(t, ω, řv) components.
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Fig. 2. The virtual miking technique block diagram. The microphone signals x(ri) i = 1, . . . , I are first transformed using the STFT into X(ri) i = 1, . . . , I
which are used as input for the Sound sources localization (Sec. III-A) and Direct and diffuse components estimation (Sec. III-B) blocks along with the location
of the microphones ri, i = 1, . . . , I . The number of sources N is provided as input to the Sound sources localization block. The estimated location of the
sources r̂′

n, n = 1, . . . , N and the direct component estimates X̂n,dir are used as input for the Exterior sound field coefficients estimation block (Sec. III-C).
As regards the Synthesis phase (Sec. IV), the position of the vth VM řv is shared by both the Synthesis of the direct component (Sec. IV-A) and Synthesis of
the diffuse component (Sec. IV-B) blocks. In addition, the Synthesis of the direct component block requires the vth VM pick-up pattern Cv,n, n = 1, . . . N ,
the estimated location of the sources r̂′

n, n = 1, . . . , N and the estimates of the exterior sound field coefficients β̂n, n = 1, . . . , N , while the sensitivity of
the vth VM Qv and the estimated diffuse components X̂diff are given as input to the Synthesis of the diffuse component block. Finally, the signal of the vth
VM Ŝ (řv) is obtained as the sum of the synthesized direct and diffuse components.

1) VM direct component estimation: The model of the
direct component Sn,dir(t, ω, řv) is described in (4). The
parameters characterizing the direct sound component of a
VM are the source location r′n, n = 1, . . . , N and the
exterior sound field coefficients βn

ℓ,µ(t, ω), n = 1, . . . , N . The
positions r′n of the sources are estimated using the acoustic
source localization algorithm described in Sec. III-A.

The estimation of the exterior sound field coefficients
βn
ℓ,µ(t, ω) from the microphone signals requires the knowl-

edge of the direct sound component Xn,dir(t, ω, ri) at each
microphone (see (8)). However, only the microphone signals
X(t, ω, ri) are directly available. It follows that a procedure
for estimating the direct and the diffuse components from
X(t, ω, ri), i = 1, . . . , I is required. This procedure must
be blind with respect to the room transfer function between
sources and microphones. This, in fact, is a desirable feature,
as measuring the transfer functions is not always feasible for
all possible source locations and, in addition, transfer functions
can be time-varying.

The algorithm for the estimation of the direct components
is described in Sec. III-B. It is worth noticing that the al-
gorithm used for estimating the direct component requires the
knowledge of the exterior field spherical harmonic coefficients,
which is detailed in the same section. Finally, given the
acoustic scene parameters described above, it is possible to
synthesize the VM signals. This is detailed in Sec. IV-A.

2) VM diffuse component estimation: The diffuse sound
component Sdiff(t, ω, řv), can be estimated from the micro-
phone diffuse sound components Xdiff(t, ω, ri), as detailed in
Sec. IV-B. Inputs for the estimation of the diffuse components,
as shown in Fig. 2, are the VM position řv , the microphone
positions ri and the VM sensitivity to the diffuse field Qv(ω).

As defined in (2), an estimate of the vth VM signal is
obtained as the linear combination of the estimates of the
direct component Ŝn,dir(t, ω, řv) and the diffuse component
Ŝdiff(t, ω, řv).

III. PARAMETER ESTIMATION

In this section we describe the first phase of the proposed
virtual miking approach, which consists of estimating the
model parameters described in Sec. II-A. In particular, as un-
derlined in Sec. II-B, the parameters that have to be estimated
are the position of the sources (Sec. III-A), the direct and the
diffuse components (Sec. III-B) at each microphone, and the
coefficients of the exterior sound field model (Sec.III-C).

A. Source Localization

The accurate estimation of the source location is a crucial
step, as the estimation of all the other parameters depend on
that. Furthermore, it is well-known in the literature [29], [30]
that accurate source localization in the presence of strong
reverberation is a challenging problem. In this manuscript,
we approach the source localization problem as a two-step
procedure: in the first step (Sec. III-A1) we estimate a set of
source Directions of Arrival (DOAs) for each array, while in
the second step (Sec. III-A2) the locations of the sources are
found solving the DOAs association and triangulation problem
[31].

1) DOA estimation: In the literature different DOA es-
timation algorithms can be found and they can be mainly
divided into two classes: parametric [32]–[34] and spatial
methods [35]–[37]. The former class of techniques leverages
on assumptions about the covariance structure of the signals,
while the latter concerns the computation of a spatial filter,
customarily through beamforming.

Here, we adopt a localization based on spatial filtering,
where the energy of the directional components of the sound
field is evaluated with respect to the reference point va =
[xa, ya]

T , i.e., the centroid (1) of the ath array. The pseu-
dospectrum Λ(a)(α, t, ω) of the ath array can be computed
as the absolute value of the beamformer output for all the
possible directions α ∈ (0, 2π].
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As we are interested only in localizing the acoustic sources,
similarly to [38]–[40] we compute a wideband extension of the
pseudospectra by averaging Λ(a)(α, t, ω) as follows

Λ̄(a)(t, α) =


W/2∏
w=1

Λ(a)(α, t, ωw)


2
W

, (10)

where W is the number of points in the discretized frequency
axis, gaining robustness against spatial aliasing and frequency
bands with low SNR. It is worth noticing that (10) is not
the only possible choice to obtain a wideband pseudospec-
trum. However, as investigated in [40], this choice provides
a wideband pseudospectrum with greater resolution, narrower
main-lobe and side-lobes attenuation with respect to the one
obtained with the arithmetic mean.

The DOAs of the sources can be measured as the directions
ᾱ
(a)
n (t), n = 1, . . . , N corresponding to the N highest peaks

of Λ̄(a)(t, α), i.e.,

ᾱ(a)(t) = D(Λ̄(a)(t, α), N), (11)

where D(·, N) is the operator that returns the N highest peaks

and ᾱ(a)(t) =
[
ᾱ
(a)
1 (t), ᾱ

(a)
2 (t), . . . , ᾱ

(a)
N (t)

]T
is the N × 1

vector of the estimated DOAs for the ath array. Obviously,
the presence of reflections due to the reverberation is likely to
introduce errors in the estimate of the DOAs ᾱ(a)

n (t) in (11).
It is also worth noticing that, in general, correlation between
the source signals can negatively affect the estimation of the
DOAs. The use of sufficiently short time windows in the STFT
and the assumption of uncorrelation among the time-frequency
bins, however, attenuates this problem.

With the aim of reducing the impact of reverberation
on the location accuracy, we select the DOAs in ᾱ(a)(t)
compatible with source locations inside the ROI described in
Sec. II. This is done by intersecting the half-lines with origin
va and direction D(a)(t) =

[
d
(a)
1 (t),d

(a)
2 (t), . . . ,d

(a)
N (t)

]
,

d
(a)
n (t) = [cos ᾱ

(a)
n (t), sin ᾱ

(a)
n (t)]T with the polygon R that

defines the ROI

α̃(a)(t) = I(va,D
(a)(t),R), (12)

where I is the operator that returns all the DOAs for which
at least one intersection with the polygon edges exists and

α̃(a)(t) =
[
α̃
(a)
1 (t), α̃

(a)
2 (t), . . . , α̃

(a)

Ñ
(t)
]T

is the resulting

DOA vector with dimensions Ñ × 1, Ñ ≤ N .
2) Association of DOAs and triangulation: Once the DOAs

for each array have been estimated, the source locations in
Cartesian coordinates are estimated through triangulation. In
a multi-source scenario the problem of DOA disambiguation
arises, i.e. the matching of the DOAs measured from different
arrays corresponding to the same source. In this manuscript,
we tackle the disambiguation and triangulation problems em-
ploying a localization method based on the Distributed Ray
Space Transform (DRST) [17], [18], [41].

The DRST, introduced in [18], is a tool devoted to the
mapping of the signals of distributed arrays onto a domain,
called Projective Ray Space (PRS) [42]. The PRS, derived
as a generalization of the ray space [38], is the domain

of representation of the sound field in the scenarios where
the same acoustic scene is observed by multiple viewpoints.
This parameterization is based on the description of the
plenacoustic function [43] in terms of the acoustic rays. The
PRS is defined by the parameters of the implicit equation
l1x + l2y + l3 = 0 that identifies an acoustic ray in 2D. The
distinctive characteristics of such parameterization, is that the
acoustic primitives, such as sources and reflectors, are mapped
in the PRS onto linear subspaces or combinations thereof.

Let us consider a generic point-like acoustic source at a
given time instant t placed in r′(t) = [x′(t), y′(t)]T as in
Fig. 3(a). This can be seen as the point originating acoustic
rays and, given the source location in homogeneous coordi-
nates r̄′(t) = [x′(t), y′(t), 1]T , a ray emitted by the source
satisfies

lT r̄′(t) = 0, (13)

where l = ε[l1, l2, l3]
T , ε ̸= 0 are the parameters of the

projective line describing the ray. As described in [42], the rep-
resentation of r′(t) is given by the set of rays passing through
it, and in the PRS corresponds to a plane (see Fig. 3(b)). DOAs
in α̃(a)

ñ (t), ñ = 1, . . . , Ñ in (12) are converted in acoustic rays
in the PRS through

l
(a)
1,ñ(t) = ε sin

(
α̃
(a)
ñ (t)

)
;

l
(a)
2,ñ(t) = ε cos

(
α̃
(a)
ñ (t)

)
;

l
(a)
3,ñ(t) = ε[ya cos

(
α̃
(a)
ñ (t)

)
− xa sin

(
α̃
(a)
ñ (t)

)
], ε > 0.

(14)
These points will form clusters in the PRS on the planes
representing the acoustic sources. In order to associate DOAs
to sources and then proceed to the localization task, we
adopt techniques of pattern analysis. More precisely, we use a
RANSAC algorithm [44] (random maximum consensus) over
the set of Ñ × A points in the PRS. Let us indicate with the
subscript n̂ the points identified by RANSAC as pertaining to
the nth source

l̂n̂(t) = [l1,n̂(t), l2,n̂(t), l3,n̂(t)]
T . (15)

Note that l̂n̂ no longer depends on the array index a. The
points in (15) are then re-arranged in matrix form such that
the condition of (13) becomes

Ln(t)r̄
′
n(t) = 0, (16)

where Ln(t) = [̂l1(t), . . . , l̂N̂ (t)]T and N̂ is the number of
rays related to the nth source. Finally, the estimate of the
source location r̂′n(t) is obtained as [42]

r̂′n(t) =

[
1 0 0
0 1 0

]
vn(t), (17)

where vn is the singular vector associated to the smallest
singular value of the singular value decomposition of the
matrix LT

n (t)Ln(t).
It is worth noticing that, in the present section, we made

explicit the dependence of the nth source position from the
time instant t in order to show that the presented method
can account for moving sources. However, for the sake of
readability, we will omit such an explicit dependence for the
rest of the manuscript.
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Fig. 3. A point-like source in the geometric space (a) is mapped, in the
projective ray space (b), onto a plane with normal direction r̄′ = [x′, y′, 1]T

B. Estimation of Direct and Diffuse Components

Once the source locations are obtained, we address the
problem of estimating the direct and diffuse components of a
microphone signal namely Xn,dir(t, ω, ri) and Xdiff(t, ω, ri)
from the recorded microphone signal X(t, ω, ri). This is a
crucial step of the process, as the knowledge of Xn,dir(t, ω, ri)
is required to estimate the exterior sound field coefficients
of the sources (see (8)) and Xdiff(t, ω, ri) is needed for the
estimation of the VM diffuse component Sdiff(t, ω, řv).

The estimation of the direct and the diffuse component is
also known as the dereverberation problem. The dereverber-
ation algorithms proposed in the literature can be divided in
two categories: inverse filtering algorithms [45]–[47]; and al-
gorithms that estimate and suppress reverberation with spectral
subtraction or Wiener filtering [20], [48]. From an operative
standpoint, the two categories differ in the fact that the former
requires the knowledge of the room transfer function, while
the latter does not need it. In this work, as stated in Sec. II-B,
the second class meets our requirements.

Following [20] and [48] we can obtain an estimate of the
direct sound component Xn,dir(t, ω, ri) at the position ri as
the output of a squared root Wiener filter whose coefficients
are computed as [20], [49]

Gdir(t, ω, ri) =

√
1− 1

CDR(t, ω, ri) + 1
, (18)

where CDR(t, ω, ri) is the time-frequency dependent signal
to diffuse ratio at the ith microphone, defined as

CDR(t, ω, ri) =
Φdir,ii(t, ω)

Φdiff,ii(t, ω)
. (19)

Here Φdir,ii and Φdiff,ii are the auto-power spectra of the direct
and diffuse component, respectively, and are defined as

Φdir,ii(t, ω) = E{Xn,dir(t, ω, ri)X
⋆
n,dir(t, ω, ri)}

Φdiff,ii(t, ω) = E{Xdiff(t, ω, ri)X
⋆
diff(t, ω, ri)}.

(20)

As shown in [20], an estimate of CDR(t, ω, ri) can be ob-

tained from the knowledge of the microphone signal coherence
function and the diffuse noise coherence function. This can
be accomplished using the CDR estimator defined in [20] as
(21), where Re{·} is the operator that retrieves the real part of
a complex number. The dependencies on time and frequency
have been omitted for the sake of readability.

The term Γdiff,ii′(ω) in (21) is the diffuse noise coherence
function between the ith and i′th microphones. Assuming a
spherically isotropic sound field as in (7), Γdiff,ii′(ω) can be
modelled as [20]

Γdiff,ii′(ω) =
Φdiff,ii′(t, ω)√

Φdiff,ii(t, ω)Φdiff,i′i′(t, ω)
=

sin (kdii′)

kdii′
,

(22)
where

Φdiff,ii′(t, ω) = E{Xdiff(t, ω, ri)X
⋆
diff(t, ω, ri′)},

dii′ = ∥ri − ri′∥2
(23)

with ∥·∥2 the ℓ-2 norm of a vector.
The term Γ̂ii′(t, ω) in (21) is the estimate of the micro-

phone signal coherence function between the ith and the
i′th microphone. If we assume that the sensor noise between
microphones i and i′ is uncorrelated, the microphone signal
coherence function can be estimated as [48]

Γ̂ii′(t, ω)

=
Φ̂ii′(t, ω)√

Φ̂ii(t, ω)− Φ̂N,ii(t, ω)
√
Φ̂i′i′(t, ω)− Φ̂N,i′i′(t, ω)

,

(24)

where ΦN,ii(t, ω) is the noise auto-power spectrum defined in
(9) and

Φii′(t, ω) = E{X (t, ω, ri)X
⋆ (t, ω, ri′)}. (25)

The auto and cross spectra can be obtained from the micro-
phone signals by recursive averaging [20]

Φ̂ii′(t, ω) = λΦ̂ii′(t−1, ω)+(1−λ)X (t, ω, ri)X
⋆ (t, ω, ri′)

(26)

where λ is a constant in the range [0, 1). In our scenario, the
microphone pairs are chosen as belonging to the same array.
The sensor noise auto-spectra Φ̂N,ii(t, ω) and Φ̂N,i′i′(t, ω) can
be obtained applying recursive averaging on the microphone
signals as in (26) when neither acoustic sources nor diffuse
noise are present (i.e., only the sensor noise component is
active). In order to determine the activity or inactivity of the
sources we use the voice activity detector [50]. It is worth
noting that [50] assumes that all sources emit speech signals
that are sufficiently sparse in the time-frequency domain thus
agreeing with the assumption stated in Sec. II-A.

Once an estimate of the CDR at the ith microphone is
obtained using (21) we can use (18) to obtain the Wiener filter

(21)CDR(ri) =
Γdiff,ii′Re{Γ̂ii′} − |Γ̂ii′ |2

|Γ̂ii′ |2 − 1
−

√(
Γdiff,ii′Re{Γ̂ii′}

)2

−
(
Γdiff,ii′ |Γ̂ii′ |

)2

+ (Γdiff,ii′)
2 − 2Γdiff,ii′Re{Γ̂ii′}+ |Γ̂ii′ |2

|Γ̂ii′ |2 − 1
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coefficients that allows to extract the direct component of a
the ith microphone signal. However, as highlighted in [20], a
more practical implementation of (18) is given by [49]

Gdir(t, ω, ri) = max

{
Gmin,

√
1− ν

CDR(t, ω, ri) + 1

}
,

(27)
where ν is the oversubtraction factor and Gmin the gain floor.
The term ν controls the amount of noise subtracted from the
noisy signal. For full noise subtraction, ν = 1 and for over-
subtraction ν > 1. The term Gmin acts as a lower bound for
the filter coefficients weights. This is useful in order to reduce
artefacts in the output signal. Inspecting (27), it is clear that
high values of CDR leads to low filter gain and vice versa.

Finally, the filter in (27) is used to compute the direct signal
component at the ith microphone through [20]

X̂dir(t, ω, ri) = Gdir(t, ω, ri)U(t, ω, ri), (28)

where

U(t, ω, ri) =

√
Z (t, ω, ri) + Z (t, ω, ri′)

2
ej arg{X(t,ω,ri)},

(29)

with Z (t, ω, ri) = |X (t, ω, ri) |2−Φ̂N,ii(t, ω), Z (t, ω, ri′) =
|X (t, ω, ri′) |2−Φ̂N,i′i′(t, ω) and arg{·} the operator that
takes the argument of a complex number. The spatial mag-
nitude averaging performed in (29) is typically used in order
to reduce the variance of the estimates for microphone array
post-filters [51], [52].

The diffuse component of the microphone signal can be
obtained using the filter [48]

Gdiff(t, ω, ri) =

√
1− [Gdir(t, ω, ri)]

2
, (30)

where Gdir(t, ω, ri) is defined in (27). It follows that an
estimate of Xdiff(t, ω, ri) can be obtained as

X̂diff(t, ω, ri) = Gdiff(t, ω, ri)U(t, ω, ri), (31)

where U(t, ω, ri) is defined in (29). As demonstrated in
Appendix A, using the filters in (27) and (30) and assuming
that ν = 1, Gmin = 0 and that the auto-spectra of the
direct, diffuse and noise components at the i microphone and
at the i′ microphone are the same, the power of the esti-
mated sound field components corresponds to the actual sound
power (i.e., E{|X̂n,dir(t, ω, ri)|2} = E{|Xn,dir(t, ω, ri)|2}
and E{|X̂diff(t, ω, ri)|2} = E{|Xdiff(t, ω, ri)|2}) [49].

C. Exterior Sound Field Coefficients Estimation

Once the direct signal components of the microphone sig-
nals have been estimated using (28), and the sources have
been localized, we can exploit the model of the direct sound
component in (8) in order to estimate the set of spherical
harmonics coefficients related to each source in the acoustic
scene. Let us define the vector x̂dir(t, ω) containing the
estimates of the direct component for all the microphones,
i.e.,

[x̂dir(t, ω)]i = X̂dir(t, ω, ri) i = 1, . . . , I, (32)

where [·]i is the ith element of the vector. We denote the vector
of the coefficients of the spherical harmonic for the nth source
as

βn(t, ω) =
[
βn
00(t, ω), β

n
0−1(t, ω), . . . , β

n
LL(t, ω)

]T
, (34)

where (·)T is the transpose operator.
Let us define the matrix Ŷn(k) containing the spherical

harmonics as in (33), where ρ̂i,n, θ̂i,n and ϕ̂i,n. are the
estimates of ρi,n, θi,n and ϕi,n defined in (8) obtained using
the estimate of the n source position r̂′n. In the light of
the definitions in (32) and (33), the direct sound components
acquired by the microphones are given by

x̂dir(t, ω) =
[
Ŷ1(k)Ŷ2(k) · · · ŶN (k)

] β1(t, ω)
...

βN (t, ω)


= Ŷ(k)β(t, ω).

, (35)

An estimate β̂(t, ω) of β(t, ω) can be obtained as

β̂(t, ω) = Ŷ†(k)x̂dir(t, ω), (36)

where † denotes the matrix pseudo-inverse. However, under
the assumption that only one source is dominant in each time-
frequency bin, we can solve (35) by enforcing the sparsity
of the resulting coefficients vector. In particular, we obtain
β̂(t, ω) as the result of a group lasso optimization problem
[53], i.e.,

β̂(t, ω) = argmin
β(t,ω)

1

2
∥Ŷ(k)β(t, ω)− x̂dir(t, ω)∥22

+ κ

N∑
n=1

∥βn(t, ω)∥2.
(37)

As shown in [54], this problem can be solved using the
alternating direction method of multipliers (ADMM).

Discussion: It is worth noticing that, since sources and
microphones are assumed to lie on the same plane (i.e., θ =
π/2), the columns of Ŷn(k) for which ℓ + |µ| is even have
been removed. As shown in [55], [56], in fact, when θ = π/2
the summation in (4) goes to zero since Yℓµ (π/2, ϕv,n) = 0.

The truncation order L is usually set as L = ⌈keRs/2⌉
where e is the Euler’s number, ⌈·⌉ is the ceiling operator
and Rs is the radius of the region surrounding a source [1].
Hence, the truncation order should be a function of the source
but, in order to simplify the notation, in this manuscript we
assumed that the truncation order is the same for all the
sources. As stated in [57], the radius Rs and, as a consequence,
the value of L can be reduced with a suitable choice of
the origin of the reference frame. In this manuscript, the
origin coincides with the coordinates of the sources location
estimates. Moreover, as it is clear from (36), in order for the
system to be over-determined, the following condition should
be satisfied:

[
(L+ 1)2 − TL

]
N < I , where TL = L(L+1)/2.

However, considering the assumption that only one source is
dominant in each time-frequency bin, the above-mentioned
condition can be relaxed as

[
(L+ 1)2 − TL

]
< I . It follows

that L = min
(
⌈keRs/2⌉, (

√
8I + 1− 3)/2

)
.
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IV. SYNTHESIS

In this section we show how the signal of the vth VM
modelled as in (2) can be estimated from the set of parameters
obtained in Sec. III. In particular, in Sec. IV-A we show how
the direct component of the vth VM signal can be estimated
while in Sec. IV-B we deal with the diffuse sound component.

A. Synthesis of the Direct Component
An estimate Ŝn,dir(t, ω, řv) of the direct sound component

at the vth VM due to the nth source can be obtained by
exploiting the model in (4). More precisely, given the estimate
r̂′n of the nth source position obtained in (17), and the
set of exterior field coefficients β̂n(t, ω) obtained in (37),
Ŝn,dir(t, ω, řv) is obtained through

(38)

Ŝn,dir(t, ω, řv)

=

L∑
ℓ=0

ℓ∑
µ=−ℓ

β̂n
ℓµ(t, ω)hℓ

(
k ˆ̌ρv,n

)
Yℓµ

(
ˆ̌θv,n,

ˆ̌ϕv,n

)
,

where ˆ̌ρv,n, ˆ̌θv,n and ˆ̌ϕv,n are the estimates of ρ̌v,n, θ̌v,n
and ϕ̌v,n in (4) and can be computed by inserting in (3) the
estimate r̂′n of the nth source location.

The term Cv(ω) in (2) models the VMs pick-up pattern.
Usually this term can be expressed as a function f(·) that
depends on the frequency ω, the angle between the vth VM
and the nth source [ιn,v, ζn,v]

T = ̸ r′n−řv , with ι the azimuth
and ζ the elevation, the orientation ǒv of the vth VM,

Cv(ιn,v, ζn,v, ǒv, ω) = f (ιn,v, ζn,v, ǒv, ω) . (39)

The proposed framework enables also the estimation of
the direct signal component acquired by a higher order VM
located at řv . In particular, given the estimate β̂n(t, ω) of the
exterior sound field produced by the nth source, the spherical
harmonics coefficients acquired by a Z-order VM can be
directly obtained through the spherical harmonics addition
theorem [58] through

γv,nzb (t, ω) =

L∑
l=0

l∑
µ=−l

β̂n
lµ(t, ω)T

µb
lz (k, ˆ̌ρv,n,

ˆ̌θv,n,
ˆ̌ϕv,n),

z = 0, . . . , Z, b = −z, . . . , z

(40)

where

Tµb
lz (k, ˆ̌ρv,n,

ˆ̌θv,n,
ˆ̌ϕv,n)

= 4πjz−l
l+z+1∑
g=0

jg(−1)2µ−bhg(k ˆ̌ρv,n)Y
∗
g(b−µ)(

ˆ̌θv,n,
ˆ̌ϕv,n)

×
√
(2l + 1)(2z + 1)(2g + 1)/(4π)W1W2,

(41)

with

W1 =

(
l z g
0 0 0

)
, W2 =

(
l z g
µ −b (b− µ)

)
(42)

the Wigner 3− j symbols [59]. The knowledge of the spherical
harmonics coefficients acquired by the Z-order microphone
enables applications like, for example, modal beamforming
[60], binaural synthesis [61], [62] etc. In all these applica-
tions the spherical harmonics coefficients of the higher order
microphone are filtered through

Cv(ω)Sn,dir(t, ω, řv) =

Z∑
z=0

z∑
b=−z

[ψv,n
zb (ω)]

∗
γv,nzb (t, ω),

(43)
where ψv,n

zb (ω) are the spherical harmonics filter coefficients
[63].

B. Synthesis of the Diffuse Component

In order to synthesize the diffuse component Sdiff(t, ω, řv)
of the VM, we use the estimates of the diffuse signal at
each microphone obtained in (31). More precisely, given the
estimates X̂diff(t, ω, ri), we compute the power of the diffuse
signal component in řv as [14]

E{|Sdiff(t, ω, řv)|2} =

I∑
i=1

ϖi(ω)E{|X̂diff(t, ω, ri)|2},

(44)
where

∑I
i=1ϖi(ω) = 1. As stated in [14], ϖi(ω) are

real valued weights that depend on the estimation variance
of the power of the signal at the ith microphone (i.e.,
E{|X(t, ω, ri)|2}), i = 1, . . . , I . Since these estimates are
usually unavailable, we choose the weights to be inversely
proportional with respect to the distance between the vth VM
and the ith microphone, i.e.,

ϖi(ω) =
1

∥ri − řv∥2

(
I∑

i′=1

1

∥ri′ − řv∥2

)−1

. (45)

For what concerns the estimation of the phase of the diffuse
signal component, we experimentally verify that plausible
results can be achieved by using as an estimate the phase of
the nearest microphone. It is worth noting that such a solution
does not provide the desired spatial coherence among closely
spaced VMs. It follows that, if one want to further process the
signal coming from different VMs, this fact must be taken into
account. Nevertheless, as we will see in the following section,
this solution is applicable to coincident VMs for simulating,
for example, a stereo recording scenario.

Finally, as defined in (2), the function Qv(ω) controls the
sensitivity of the VM to the diffuse field. In the most general

(33)Ŷn(k) =


h0 (kρ̂1,n)Y00

(
θ̂1,n, ϕ̂1,n

)
h1 (kρ̂1,n)Y1−1

(
θ̂1,n, ϕ̂1,n

)
· · ·hL (kρ̂1,n)YLL

(
θ̂1,n, ϕ̂1,n

)
h0 (kρ̂2,n)Y00

(
θ̂2,n, ϕ̂2,n

)
h1 (kρ̂2,n)Y1−1

(
θ̂2,n, ϕ̂2,n

)
· · ·hL (kρ̂2,n)YLL

(
θ̂2,n, ϕ̂2,n

)
...

...
. . .

...

h0 (kρ̂I,n)Y00

(
θ̂I,n, ϕ̂I,n

)
h1 (kρ̂I,n)Y1−1

(
θ̂I,n, ϕ̂I,n

)
· · ·hL (kρ̂I,n)YLL

(
θ̂I,n, ϕ̂I,n

)


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Fig. 4. 2D graphical representation of the first simulation setup. The two
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Fig. 5. 2D graphical representation of the second simulation setup. The source
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1 = [2.5, 3]T m while the VMs in X-Y configuration are placed
at řX−Y = [2.5, 1.5]T m.

case, this function can be arbitrarily designed. However, in
most cases the relationship between Qv(ω) and the pick-up
pattern of the VM directivity is well approximated by

Qv(ω) =

√
1

4π

∫ π

0

∫ 2π

0

Cv(ι, ζ, ǒv, ω)2 sin ζ dι dζ. (46)

The expression in (46) is valid under the assumption of a
spherically isotropic sound field and accounts for the fact that
the diffuse component of the VM can be attenuated depending
on the pick-up pattern Cv(ι, ζ, ǒv, ω).

V. VALIDATION AND RESULTS

The proposed virtual miking technique is suitable for many
applications thanks to its flexibility in terms of setup configu-
ration. In addition, the possibility of completely characterizing
the VM and the intrinsic source model paves the way to the

use in advanced spatial audio applications. In order to validate
the virtual miking performance, we tested the system through
an extensive software simulation campaign. This allows us to
control both the characteristics of the sources, such as their
directivity pattern and the number and the location of the
virtual microphones. Moreover, this eases the development
of test cases that require a significant amount of reference
VMs, barely deployable in practice. The simulation setup is
introduced in Sec. V-A, while in Sec. V-B the different metrics
used for the assessment of the VM performance are defined.
The simulation results are discussed in Sec V-C.

A. Simulation Setup and Parameters

The simulation setup is illustrated in Fig. 4. It consists
of A = 9 circular microphone arrays with radius 0.04m,
accommodating M = 4 omnidirectional microphones each.
Therefore, the total number of microphones is I = A ×
M = 36. The sources emit two speech signals simultaneously
(female and male taken from [64]), at r′1 = [1.75, 2]T m and
r′2 = [3.25, 2.75]T m, respectively. When a single source setup
is considered, only the source in r′1 is active in the scene
at any time. The two sources present a first-order cardioid
directivity with looking direction (i.e., direction of maximum
energy emission) equal to 45 deg and 270 deg, respectively. A
set of V = V (1) + V (2) omnidirectional VMs (i.e., C(·) = 1)
are placed on two circumferences of radius R centered around
the two sources (see Fig. 4). In detail, the positions of the VMs
are defined as

ř(1)v = R[cos η(1)v , sin η(1)v ]T + r′1, v = 1, . . . , V (1)

ř(2)v = R[cos η(2)v , sin η(2)v ]T + r′2, v = 1, . . . , V (2),
(47)

where η(1)v = 2π/V (1)v, η(2)v = 2π/V (2)v and ř
(1)
v , ř(2)v are

the positions of VMs surrounding the first and the second
source, respectively. The actual number of VMs, V , depends
on the simulation setup. This arrangement of the VMs allows
us to capture the directional properties of the sources, testing
the capability of the proposed virtual miking technique in
rendering a spatial sound perception coherent with the VM
position in the scene.

The signal at the microphones (see (7)) is simulated as the
convolution between the signal of the sources and the room
impulse response (RIR) computed through the image source
method [65] implemented in [66]. The room is 5m×4m×3m
with a reverberation time of T60 = 0.4 s. As done in [20] and
[67], the diffuse component in (7) is computed from the RIR
late reverberation part. This can be accomplished suppressing
the direct path and the early reflections using a cutoff time
Te set to a typical value of 0.05 s [68]. The additive noise
component in (7) is simulated using a random white Gaussian
noise, whose variance is set so that the desired signal to noise
ratio at each sensor is 60 dB. The signals are processed at a
sampling rate of 16 kHz and their time-frequency represen-
tation is obtained through a 4096 points Short Time Fourier
Transform (STFT) with a 0.256 s Hamming window adopted
both in the analysis and synthesis phase and 87.5% overlap.

The localization is performed as described in Sec. III-A,
where, for the computation of the pseudospectrum
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Fig. 6. (a) GPD of the VMs and their references in a single source scenario. (b) GPD of the first source when both are active. (c) GPD of the second source
when both are active.
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Fig. 7. The NMSEGPD as a function of the number of arrays A.

Λ(a)(α, ω),∀a = 1, . . . , A, we adopted the super directive
beamformer [35]. The averaged pseudospectum in (10) is
compute with W = 4096. The actual estimate of the source
location r̂′n is obtained as the median value of 1000 RANSAC
executions with different algorithm initializations at each time
frame t. An estimate of the direct and diffuse components are
obtained as presented in Sec. III-B with λ = 0.68, ν = 1.3
and Gmin = −30 dB. Given the described setup, the pairs of
microphones for the estimation of the cross spectra Φ̂ii′(t, ω)
are chosen as belonging to the same array by following their
order in terms of azimuth with respect to each array center.
For what concerns the source parameter estimation, we set
the spherical harmonics expansion order in (4) according to
the discussion in Sec. III-C.

Moreover, an applicative scenario regarding a spatial acqui-
sition has been simulated.

We test the virtual miking technique in the context of
a stereo recording, simulating a X-Y stereo miking setup.
In Fig. 5 one omnidirectional source, aligned with the X-
Y VM along the y axis, is present. The source emits a
female speech signal similarly to the previous scenario. X-Y
stereo recording requires the employment of two directional
microphone (VML and VMR) with first-order cardioid pick-
up pattern. The microphones are characterized by coincident
location řL = řR = řX−Y and different pick-up pattern
orientation (39), such that |ǒL − ǒR|= [π/2, 0]T . Hence,
given the X-Y looking direction ǒX−Y = [ϱ, 0]T , namely, the
direction corresponding to the center of the stereo plane, the
orientation of the VMs are defined as ǒL(ϱ) = [ϱ− π/4, 0]T
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Fig. 8. (a) SDR value referred to a single source scenario. (b) SDR value
of the first source when both are active. (c) SDR value of the second source
when both are active.

and ǒR(ϱ) = [ϱ+π/4, 0]T . Notice that when it is not explicitly
stated, we assume the same setup parameters of the previous
scenario.

B. Metrics

Accordingly to the different simulation setups, we evaluated
the virtual miking performance in terms of generalized power
directivity (GPD), signal-to-distortion ratio (SDR), signal-
to-interference ratio (SIR), direct-to-reverberant ratio (DRR)
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Fig. 9. (a) Estimated DRR and its reference in a single source scenario.
(b) Estimated DRR and its reference of the first source when both sources
are active. (c) Estimated DRR and its reference of the second source when
both sources are active. The subscript omni refers to an estimate obtained
assuming an omnidirectional source directivity (i.e., L = 0)

and interchannel level difference (ILD). The mathematical
expression of the metrics is given in the following.

a) Generalized Power Directivity (GPD): The GPD of a
source is defined as

ĜPD(η(n)v ) =

∑
w

∑
t|Ŝn,dir(t, ωw, ř

(n)
v )|2

max
v

∑
w

∑
t|Ŝn,dir(t, ωw, ř

(n)
v )|2

, (48)

and it measures, for each source, the normalized power of
the estimated VM signals surrounding the given source as
a function of the VMs angle η

(n)
v in (47). In the following

we indicate with GPD(η
(n)
v ) the same metric computed with

reference signals.
b) Signal-to-Distortion Ratio (SDR): The SDR is defined

as the ratio between the desired reference signal and the
distortion that affects the estimation (i.e. interference, noise
and artifacts). We adopt the SDR estimator of [69] for the
evaluation of the estimated VM signals with respect to the
reference VM signals.

c) Signal-to-Interference Ratio (SIR): The SIR is defined
as the ratio of the power of direct component of a desired
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Fig. 10. (a) SIR value referred to the first source compared to its reference.
(b) SIR value referred to the second source compared to its reference. The
subscript omni refers to an estimate obtained assuming an omnidirectional
source directivity (i.e., L = 0)

signal and the sum of the interfering signals. More precisely,

ŜIR(η(n)v ) =

∑
w

∑
t|Ŝn,dir(t, ωw, ř

(n)
v )|2∑

n̄ ̸=n

∑
w

∑
t|Ŝn̄,dir(t, ωw, ř

(n)
v )|2

. (49)

In the following we indicate with SIR(η
(n)
v ) the same metric

computed with reference signals.
d) Direct-to-Reverberant Ratio (DRR): The DRR repre-

sents the ratio between the power of the direct and reverberant
components

D̂RR(η(n)v ) =

∑
w

∑
t|Ŝn,dir(t, ωw, ř

(n)
v )|2∑

w

∑
t|Ŝdiff(t, ωw, ř

(n)
v )|2

. (50)

This metrics allows us to evaluate the VM in terms of
spatial sound characteristics, since the DRR reflects the spatial
properties of the signal. In the following we indicate with
DRR(η

(n)
v ) the same metric computed with reference signals.

e) Interchannel Level Difference (ILD): The ILD is de-
fined as the ratio between two VMs in a stereo configuration

ÎLD(ϱ) =

∑
w

∑
t|Ŝ(t, ωw, řL, ǒL(ϱ))|2∑

w

∑
t|Ŝ(t, ωw, řR, ǒR(ϱ))|2

. (51)

where ϱ is the VMX−Y azimuth orientation. In (51) the
dependence on the VM orientation is made explicit. In the
following we indicate with ILD(ϱ) the same metric computed
with reference signals.
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As regards the GPD, SIR and DRR, we also evaluate the
estimation in terms of the normalized mean squared error
(NMSE). For instance concerning the GPD it is defined as

NMSE
(n)
GPD = 10 log10

∑
v|ĜPD(η

(n)
v )−GPD(η

(n)
v )|2∑

v|GPD(η
(n)
v )|2

.

(52)
Moreover, for all the defined metrics we show the results in a
decibel scale defined as 10 log10(·) of the relative metrics.

C. Results

1) Single-source scenario: The single source scenario is
simulated using the setup of Fig. 4, when only the first
source in r′1 is active. The estimated source position is r̂′1 =
[1.7372, 2.0152]T giving a localization error of ∥r̂′1 − r′1∥=
0.0198m. The number of VMs employed is V = V (1) = 90,
equally spaced around the source at distance from the source
of R = 0.9m.

The ĜPD, computed using the synthesized VM signals is
reported in Fig 6, compared to the GPD computed with the
reference signals. More specifically, Fig. 6 plots ĜPD and
GPD in three different cases: a) the GDP of the source in r′1
when it is the only active source; b) the GDP of the source in
r′1 when both sources are active; c) the GDP of the source
in r′2 when both sources are active. In the context of the
single source scenario we focus on Fig. 6(a). Notice that the
ĜPD

(
η(1)

)
fits the general trend of GPD with a NMSE

(1)
GPD

with respect to the reference of −22.8 dB. In order to evaluate
the influence of the number of arrays A on the accuracy of the
estimated source directivity, we performed a set of simulations
varying A ∈ {4, 10} with respect to the single-source scenario
setup. In particular, the arrays are equally distributed on a
circumference of radius 1.7m centered in the room so that the
setup with A = 9 corresponds to the one reported in Fig. 4. In
Fig. 7 the NMSE

(1)
GPD is reported as a function of the number

of the arrays A. As expected, the NMSE
(1)
GPD decreases as A

increases since a greater number of arrays guarantees a wider
angle coverage. Additionally, from the inspection of Fig. 7 we
can notice that between A = 6 and A = 10 the difference is
around 6 dB in response to an increase of 16 microphones.

The SDR of the VMs is reported in Fig. 8 for the same
three cases adopted for GDP. The single source scenario is
shown in Fig. 8(a). We can notice here that for the locations
where the VM mostly picks up the diffuse component, the
SDR estimation is less consistent. Hence, the performance is
affected by the VM location and by the averaging of the diffuse
estimates of the arrays (Sec. IV-B).

Fig. 9(a) reports the comparison between D̂RR and DRR.
Note that D̂RR is comparable with the DRR profile of an
ideal source with first-order cardioid directivity pattern. The
ideal DRR reaches −∞ in correspondence of the zero in the
source cardioid directivity pattern since no direct component
is propagated in this direction. The D̂RR does not follow
this behavior due to the fact that the GPD is not exactly
zero in this direction (see Fig. 6(a)). Moreover, we provide as
a comparison the estimated D̂RRomni obtained assuming an
omnidirectional sound source. More specifically, we estimated

the exterior sound field coefficients (Sec. III-C) by setting the
spherical harmonic order L = 0 in (33) and consequently, the
synthesized direct signal in (38) presents an omnidirectional
characteristic. Inspecting Fig. 9(a), we can notice that the ad-
dition of the source directivity greatly enhances the estimate of
D̂RR giving a NMSE

(1)
DRR of −14.3 dB, while the D̂RRomni

does not follow the actual trend of the reference giving a
NMSE

(1)
DRRomni

of −1.14 dB.
2) Two-sources scenario: We evaluate the virtual miking

technique in a double talk scenario, where both acoustic
sources of Fig. 4 are simultaneously active. The estimated
position of the sources are r̂′1 = [1.8054, 2.0518]T m and
r̂′2 = [3.3556, 2.7087]T m giving a localization error of
0.0759m and 0.1134m, respectively. We simulate V = 180
omnidirectional VMs, equally distributed around the sources
with V (1) = V (2) = 90 VMs for each source placed
accordingly to Fig. 4.

Both ĜDP and GDP are reported in Fig. 6(b) and Fig. 6(c).
For both sources we can notice that ĜDP agrees with GDP
suggesting that the spatial radiation characteristics of the
sources are correctly reconstructed at the VMs.

Another important measure of the sound field spatial char-
acteristics is the SIR. As shown in Fig. 10, the ŜIR fol-
lows the behaviour of the actual SIR for a wide range of
directions. However, it is worth noting that the SIR goes
to −∞ for the directions in correspondence of the zeros in
the directivity pattern of the sources. Since the behavior of
ŜIR is related to the ĜPDs of the two sources shown in
Fig. 6(b) and Fig. 6(c), respectively it cannot reach −∞.
In fact, the ĜPD is not exactly zero for such directions.
Similarly to what is done for the single-source scenario in
Fig. 9(a), we include in Fig. 10 the ŜIRomni estimated when
the two sources are incorrectly assumed as omnidirectional,
i.e. setting L = 0 in (33). As expected, the estimation of the
SIR effectively improves by modelling the source directivity
explicitly. In particular, the NMSE

(1)
SIRomni

is equal to 5.3 dB

for the first source (Fig. 10(a)) and the NMSE
(2)
SIRomni

is equal
to −2.4 dB for the second source (Fig. 10(b)). The NMSE

(1)
SIR

and NMSE
(2)
SIR drops to −12.4 dB and −12.6 dB, respectively

when the source directivity is taken into account.
As far as the SDR is concerned, results are reported in

Fig. 8(b) and Fig. 8(c). Similarly to the single source scenario,
the VM performance is influenced by the approximation of the
diffuse sound field, with lower SDR values when the diffuse
component is mainly present and higher values when the VM
is close to an array used for analyzing the sound scene.

Finally, the DRR of the VMs is provided in Fig. 9(b)
and Fig.9(c). Analogously to the single source scenario, the
D̂DR follows the reference value achieving a NMSE

(1)
DRR and

a NMSE
(2)
DRR of −14.3 dB and −14.7 dB, respectively. As

a comparison, also in Fig. 9(b)and Fig. 9(c) the D̂DRomni,
estimated assuming two omnidirectional sources, are reported.
Both the NMSE

(1)
DRRomni

and the NMSE
(2)
DRRomni

are equal to
−1.7 dB. Such values are approximately 13 dB higher than
the the ones obtained by considering the directivity of the
sources. Generally, we can notice that the behavior of the DRR
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Fig. 11. The ILD of the stereo setup

is mainly determined by the directivity of the sound source.
Low DRR values in Fig. 9(b) and Fig. 9(c) are associated
to locations where the direct component energy is lower than
the diffuse component due to the directivity pattern of each
source.

3) Stereo recording scenario: The X-Y stereo microphone
is commonly adopted for spatial sound acquisition. The spatial
characteristics of the sound field are rendered in the stereo
recording through the sound pressure level difference between
the two directional microphones. Therefore, we adopted the
ILD (51) as a metric to evaluate the ability of the VM
in reproducing the spatial features of the stereo setup. The
ILD is computed in the scenario of Fig. 5, as a function
of the VMX−Y azimuth orientation ϱ varying from 0 deg
to 360 deg. The omnidirectional source is localized in r̂′ =
[2.5316, 2.9707]T m with a localization error of 0.0431m.
Inspecting the curves of Fig. 11, we can notice an high
agreement between the ÎLD computed with the estimated
signals and the ILD computed with the reference signals. The
0 dB value is crossed around 90 deg and 270 deg, when the
sound pressure level at VML and VMR is equivalent. This
coincides with the source located at the center of the stereo
plane. In an anechoic scenario, the maximum of the ILD
function would occur around 315 deg, in correspondence of
the zero in the VMR cardioid pattern and the minimum around
225 deg, when the VML amplitude is attenuated. However in
Fig. 11, we cannot observe this behavior due to the presence
of the diffuse field. Indeed this does not let the signal power
of the two microphones in the X-Y configuration go exactly
to zero.

The proposed virtual miking procedure aims therefore to
provide a promising tool for a wide variety of spatial sound
applications. In particular, we showed that the spatial sound
characteristics e.g. the DRR, the SIR or the ILD can be effec-
tively approximated by the synthesized VM signal. Moreover,
the explicit modeling of the sound source directional charac-
teristics improves the VM estimation especially in terms of its
spatial cues with respect to the omnidirectional source model
commonly adopted in the literature. Thanks to the possibility
of synthesizing the VMs signals in arbitrary locations, the
proposed techniques potentially enables a listener to virtually
navigate a recorded sound field with six-degree of freedom.
Therefore, we envision the application of the procedure in
Virtual or Augumented Reality framework, where capturing
the sound field spatial features is a relevant aspect in order to
provide an immersive user experience.

VI. CONCLUSIONS AND FUTURE WORKS

In this manuscript we proposed a parametric technique for
virtual miking in reverberant environments from the analysis
of signals captured by a set of distributed microphone arrays.
The first step concerns the separation of the direct and diffuse
components from the measured signals and the localization
of the sources. The direct component is analyzed assuming
a spherical harmonic representation of the emitted sound
field that inherently describes the directional behaviour of the
sources. The diffuse component is assumed to be isotropic and
homogeneous. The synthesis of the VM signal is accomplished
by properly mixing the estimated direct and diffuse compo-
nents at the desired location. Hence, the overall system, is a
combination of individual sub-systems. This structure brings
us two main advantages; on the one hand we can think of
distributing part of the computational load locally to each array
(e.g., the estimation of the DOAs, the estimation of the direct
and diffuse components); on the other hand such a structure
allows us to eventually substitute sub-systems depending on
the application scenario with the only constraint of maintaining
the same input/output relationship. Furthermore, this structure
gives us a great insight into the system behaviour and promotes
the model interpretability.

Results show that the proposed technique is able to recon-
struct the main cues of the VM signal, for instance, the ones
related to reverberation (e.g. Direct to Reverberant Ratio) and
spatial recording (Interchannel Level Difference). Moreover,
by analyzing the metrics at different locations in the space,
we showed that the proposed approach is able to capture the
spatial characteristic of the recorded acoustic scene.

Future works will be devoted to the investigation on the
possibility to jointly optimize the model parameters and to
the generalization of the approach to a 3D scenario where
microphone arrays and sources are not constrained to lie on
the same plane. As far as this last point is concerned, such
a generalization will require an extension of the localization
approach to 3D geometries, and to keep into account the fact
that, in a 3D scenario, all spherical harmonics should be taken
into account (i.e., it is no longer possible to remove spherical
harmonics for which ℓ + |µ| is even). It follows that, more
arrays will be needed in order to guarantee the wider angle
coverage required for the estimation of the exterior sound field
coefficients.

APPENDIX A
DEMONSTRATION OF EQUALITY BETWEEN ESTIMATED AND

ACTUAL POWER OF DIRECT AND DIFFUSE COMPONENTS

In this appendix we will demonstrate that

E{|X̂n,dir(t, ω, ri)|2} = E{|Xn,dir(t, ω, ri)|2}
E{|X̂diff(t, ω, ri)|2} = E{|Xdiff(t, ω, ri)|2},

(53)

under the assumption that the oversubtraction factor ν = 1,
the gain floor Gmin = 0 and that the direct, diffuse and noise
power at the ith and at the i′th microphone are equal.
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In order to demonstrate the first equality, we make use of
the filter definition given in (27) and the definition of the CDR
in (19). It follows that

E{|X̂n,dir(ri)|2} = |Gdir(ri)|2E{|U(ri)|2}

=
CDR(ri)

CDR(ri) + 1
E

{
Z (ri) + Z (ri′)

2

}
=

Φdir,ii

Φdiff,ii +Φdir,ii
× 1

2
[2E

{
|Xn,dir(ri)|2

}
+

2E
{
|Xdiff(ri)|2

}
+ 2E

{
|N(ri)|2

}
− 2E

{
|N(ri)|2

}
]

=
Φdir,ii

Φdiff,ii +Φdir,ii

Φdiff,ii +Φdir,ii

1
= E{|Xn,dir(ri)|2},

(54)

where the dependences on the time frame index t and the radial
frequency ω have been omitted for the sake of readability.

In order to demonstrate the second equality instead, we
make use of the filter definitions given in (30) and (27) and
the definition of the CDR in (19). It follows that

E{|X̂diff(ri)|2} = |Gdiff(ri)|2E{|U(ri)|2}

=

(
1− CDR(ri)

CDR(ri) + 1

)
E

{
Z (ri) + Z (ri′)

2

}
=

Φdiff,ii

Φdiff,ii +Φdir,ii
× 1

2
[2E

{
|Xn,dir(ri)|2

}
+

2E
{
|Xdiff(ri)|2

}
+ 2E

{
|N(ri)|2

}
− 2E

{
|N(ri)|2

}
]

=
Φdiff,ii

Φdiff,ii +Φdir,ii

Φdiff,ii +Φdir,ii

1
= E{|Xdiff(ri)|2}.

(55)
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