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ABSTRACT

In this paper we propose a methodology aimed at improving the
resolution capabilities of plenacoustic imaging, which is based on
deconvolution techniques mutuated from aerospace acoustic imag-
ing. In order to reduce the computational burden, we also propose
a modification of the minimization problem that exploits the highly
structured information contained in the plenacoustic image. Ex-
periments and simulations show the improvement of the accuracy
gained by applying the deconvolution operator.

Index Terms— Plenacoustic imaging, acoustic imaging, de-
convolution, microphone array.

1. INTRODUCTION

Acoustic scene analysis aims at retrieving geometric and radiative
properties of acoustic sources and reflectors, and many applications
could benefit from the gathered knowledge. A relevant example is
sound field rendering [1].

Recently, in [2] authors have addressed the problem of acoustic
scene analysis through plenacoustic imaging, which consists in re-
trieving the distribution of energy of acoustic rays that impinge on
a microphone array. In particular, the array is conceived as an ob-
servation window of the sound field. Using tools of image pattern
analysis, authors tackle different problems of acoustic scene anal-
ysis, such as source and reflector localization. The advantage of
plenacoustic imaging is that several problems can be solved using
the same data, without resorting to ad-hoc representations suitable
for the specific problem at hand.

In [2] the array of M microphones is subdivided into sub-
arrays, composed by W adjacent sensors each. For each sub-array
the pseudospectrum is computed through Minimum Variance Dis-
tortionless Response (MVDR) beamforming [3]. In the geometrical
acoustics representation, the pseudospectrum can be seen as an es-
timate of the distribution of the energy of rays passing through the
center of the sub-array. The plenacoustic image is then approxi-
mated by the juxtaposition of the different pseudospectra. As the
number of sensors in each sub-array decreases, the resolution of
pseudospectra decreases as well. On the other hand, by decreas-
ing the number of sensors in each sub-array, a higher number of
pseudospectra composes the plenacoustic image. A trade-off issue,
therefore, arises. This trade-off has important consequences on ap-
plications. Let us consider, for example, the task of source local-
ization. A point-like acoustic source is mapped on the plenacoustic
image as a line, and the estimate of the location is accomplished
by finding linear patterns. By decreasing W , location of the peaks
becomes undetermined due to the poor resolution of the acoustic
images, but more data are available, as the plenacoustic image is
composed by a higher number of pseudospectra.

We aim at overcoming this trade-off issue using deconvolution
techniques mutuated from research in aerospace acoustic imaging.
Let us consider, for the moment, the presence of a single point-like
source, and a microphone array with an arbitrary extension and in-
finite number of sensors. Pseudospectra of the sub-arrays appear as
Dirac deltas in the direction of the acoustic source. In a real sce-
nario (i.e. finite number of sensors), however, a smearing of the
pseudospectrum appears. Such smearing can be modeled by the
Point Spread Function (PSF) [4], which depends on the position of
the source and of the sensors in the array. There are several tech-
niques in the literature for devonvolution of PSF. Relevant examples
are [5, 6]. In this paper we apply the deconvolution operator for im-
proving the resolution of plenacoustic imaging. Moreover, in order
to reduce the computational cost, we propose a two-step modifi-
cation of the deconvolution algorithm that exploits the information
contained in the plenacoustic image. The original plenacoustic im-
age is first analysed to gather as much information as possible about
the location of active sources. This information is then used to speed
up the deconvolution.

We show the advantages of the proposed technique with two
relevant examples. First, we show that deconvolution enables
the acquisition of accurate plenacoustic images also for extended
sources. A second example proves, by means of simulations and
experiments, that deconvolution enables the localization of multi-
ple acoustic sources even when they are in unfavourable locations
with respect to the microphone array.

The rest of the paper is organized as follows: section 2 intro-
duces the notation. Section 3 models the plenacoustic image, for-
mulates the problem, and provides the theoretical support for the
deconvolution, investigated in section 4. Section 5 discusses some
examples that show the advantages of deconvolution. Finally, sec-
tion 6 draws some conclusive remarks.

2. NOTATION

In this section we introduce the notation used throughout the rest
of the paper. Consider the setup in Fig. 1. L acoustic sources
are located in pS,l =

[
xS,l yS,l

]T and produce wideband sig-
nals sl(t), l = 1, . . . , L. An uniform linear array of M micro-
phones is placed on the y axis between y = −q0 and y = +q0.
The ith microphone is atmi =

[
0 q0 − 2q0(i− 1)/(M − 1)

]T ,
i = 1, . . . ,M . We divide the array into M −W + 1 sub-arrays,
where W is the (odd) number of microphones in each sub-array.
Microphones belonging to the sub-array centered inmi are denoted
bymj , j = i− (W − 1)/2, . . . , i+ (W − 1)/2, and they acquire
the signals xj(t). The signal xj(t) is processed with a filter bank to
obtain xj(t, ωk), k = 1, . . . ,K, ωk being the central frequency of
the kth sub-band. These signals are then stacked into the vector
xi(t, ωk) =

[
xi−(W−1)/2(t, ωk) . . . xi+(W−1)/2(t, ωk)

]T .

978-1-4799-0972-8/13/$31.00 ©2013IEEE

2013 IEEE Workshop on Application of Signal Processing to Audio and Acoustics                                                                    October 20-23, 2013, New Paltz, NY



mi

mM

m1

pS,1

. . . pS,l

. . .

pS,L

q0

−q0

θi,l

x

y

Figure 1: Geometric setup of the microphone array and acoustic
sources.

We can express xi(t, ωk) as [3]

xi(t, ωk) = Ai(ωk)S(t, ωk) + v(t, ωk), (1)

where S(t, ωk) =
[
s1(t, ωk) . . . sL(t, ωk)

]T contains the
source signals and v(t, ωk) is a zero-mean additive noise with
covariance matrix σ2I, I being the identity matrix of dimensions
W ×W . Ai(ωk) is the collection of steering vectors towards each
of the L sources in the kth frequency sub-band, i.e.

Ai(ωk) =
[
a(θi,1, ωk) . . . a(θi,L, ωk)

]
. (2)

The symbol θi,l denotes the angle under which the lth source is seen
from the microphone atmi. With reference to Fig. 1, we have

θi,l = arctan

(
yS,l − q0 + 2q0(i− 1)/(M − 1)

xS,l

)
. (3)

3. DATA MODEL

In [2], the goal is to estimate the power associated to acoustic rays
that intersect the microphone array. Authors approximate plena-
coustic images through beamforming on the signals acquired by
sub-arrays. In particular, pseudospectra computed by individual
sub-arrays are represented in the ray space P . According to [2],
a ray is the set of points (x, y) that satisfy y = mx + q. The pair
of parameters (m, q) uniquely identifies a ray and defines the ray
space P . Acoustic primitives are represented in P as the set of rays
that pass through them. In particular, sources and reflectors become
in P lines and wedge-shaped regions, respectively. For further de-
tails we invite the interested reader to [7], where this representation
was first adopted.

With reference to the notation introduced in Sec. 2, a suitable
beamforming technique computes the pseudospectrum pi(θ, ωk)
for the sub-array centered in mi [2, 3], which can be considered
as the estimate of the energy of acoustic rays insiding on the central
microphone at mi. Pseudospectra pi(θ, ωk) are then converted to
pi(m, q, ωk), whose domain is P , through

m = tan(θ),

q = q0 − 2q0(i− 1)/(M − 1).
(4)

The plenacoustic image I(m, q, ωk) is, finally, the juxtaposition of
pi(m, q, ωk), i.e.

I(m, qi, ωk) = pi(m, q, ωk), (5)

where q = qi = q0 − 2q0(i − 1)/(M − 1). In [2] authors also
propose a wideband version of plenacoustic imaging by averaging

pseudospectra in a frequency sub-band fashion. In the following,
we specify if we are working either in narrowband or wideband.
For compactness, however, we drop the dependency on ωk.

No matter what beamforming technique is used to extract pi(θ),
pseudospectra depend on the covariance matrix Ri of the signals
acquired by the sensors in the ith sub-array. It is known in the liter-
ature [3] that

Ri = E
{

xi(t)xi(t)
H
}

= AiDAH
i + σ2I, (6)

where D is the covariance matrix of the L sources. For L uncorre-
lated sources with variance σ2

l we have

D = diag
([
σ2
1 . . . σ2

L

])
. (7)

Let us denote with hi(θ) the spatial filter that performs the
beamforming on the ith sub-array towards direction θ. Different
techniques could be used, such as Minimum Variance Distortion-
less Beamformer (MVDR) or Delay and Sum (DAS) [3]. No matter
what technique is used, the pseudospectrum is obtained as

pi(θ) = hi(θ)
HRihi(θ). (8)

For the DAS beamformer hi(θ) = a(θ)/W and

pi(θ) =
1

W 2

[
a(θ)HAiDAH

i a(θ) + σ2a(θ)Ha(θ)
]
. (9)

In ideal conditions (i.e. infinite number of microphones) the first
addend on the right-hand side is equal to zero for angles θ 6= θi,l
and equal to σ2

l for θ = θi,l. For sub-arrays with a finite resolu-
tion, however, the pseudospectrum takes a non-zero value also for
angles θ 6= θi,l. This effect is modeled in the literature through
the Point Spread Function (PSF) [4]. These considerations can be
applied also to beamforming techniques different from DAS. In the
next section we summarize a methodology, originally proposed in
[6], which attenuates the effect of the PSF through a deconvolution
operation.

4. DECONVOLUTION

In this section we review the Covariance Matrix Fitting methodol-
ogy, originally presented in [6], for the estimation of sources loca-
tion and power. This methodology is based on the computation of
the sample covariance matrix

R̂i =
1

T

T∑
t=1

xi(t)xi(t)
H . (10)

It is worth noticing that the number L of sources is unknown in
practical applications. As a consequence, we perform a grid search.
Let N be the number of possible directions of arrival of the source.
We accordingly modify the steering vectors, which now are com-
puted on the grid of angles θi,n, n = 1, . . . , N . Associated to the
directions θi,n are the signals power σ2

n. The matrix D, introduced
in (7), now generalizes to D = diag

([
σ2
1 . . . σ2

N

])
. Under

the assumption that N � L, we can model D as sparse. The signal
powers σ2

n and the additive noise power σ2 are therefore estimated
by solving the quadratic convex optimization problem [8]

minimize
σ2
n,n=1,...,N,σ2

‖R̂i −AiDAH
i − σ2I‖2F

subject to σ2
n ≥ 0, n = 1, . . . , N,

N∑
n=1

σ2
n ≤ λi, σ2 ≥ 0,

(11)
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Figure 2: Comparison between non-deconvolved (Fig. 2b) and deconvolved (Fig. 2c) plenacoustic images for the setup in Fig. 2a. Grayscale
plenacoustic images are represented in dB scale between 0 dB and −20 dB.

where ‖ · ‖F denotes the Frobenius norm. Let R̂i = ÛiΓ̂iÛ
H
i be

the eigendecomposition of R̂i. The parameter λi is given by

λi = Tr(Γ̂i − γ̂iI), (12)

γ̂i being the smallest eigenvalue of R̂i. The number of unknowns
in (11) is N + 1.

The problem formulation in (11) assumes the signal sources to
be uncorrelated. In real acoustic scenes, however, we cannot con-
sider sources as point-like, especially in near-field. Consequently,
there is a set of directions θi,n from which correlated signals im-
pinge on the ith sub-array. In [6] an extension to correlated sources
is proposed. The matrix D is not diagonal any more, and the opti-
mization problem can be reformulated as the semi-definite quadratic
program [8]

minimize
σ2,D

‖R̂i −AiDAH
i − σ2I‖2F

subject to D ≥ 0, Tr(D) ≤ λi, σ2 ≥ 0.
(13)

The number of unknowns is now N2 + 1, therefore the solution
of the problem requires a high computational cost. The increase
in the computational cost becomes evident if we consider the case
of wideband sources, as the minimization must be accomplished K
times.

As shown in [2], it is possible to estimate the number of sources
L̂ along with their position p̂S,l through pattern analysis on the
plenacoustic image. We take advantage of this information to re-
duce the computational burden of the deconvolution. More specif-
ically, we replace the number of scanning directions N with the
number of sources L̂ estimated from a preliminary analysis of the
non-deconvolved plenacoustic image, and consider the steering ma-
trix

Ai =
[
a(θ̂i,1) . . . a(θ̂i,L̂)

]
. (14)

The symbol θ̂i,l denotes the angle under which a source in p̂S,l is
seen from the microphone in mi. Thanks to this substitution, the
number of unknowns in problems (11) and (13) reduces to L̂ + 1

and L̂2 + 1, respectively. However, the sparsity of the problem is
not guaranteed any more. Moreover, an erroneous estimate p̂S,l

could lead to wrong results. For the above reasons, we do not con-
sider only sources in p̂S,l, but also in their neighbourhood, i.e. we
perform the deconvolution on the grid of p̊S,l,

p̊S,l ∈ {pS,l : pS,l = p̂S,l + δ, δ =
[
δx δy

]T
,

− δmax ≤ δx, δy ≤ δmax}.
(15)

The steering vectors become

Ai =
[
a(θ̊i,1) . . . a(θ̊i,L̂)

]
, (16)

where θ̊i,l are the directions associated to p̊S,l from the ith sub-
array. The optimization problem is now sparse and is more robust
against possible errors in the preliminary analysis. Finally, the de-
convolved pseudospectra are

p̃i(θi,n) = {D}nn, (17)

where {D}nn denotes the nth entry on the diagonal of D. The de-
convolved plenacoustic image Ĩ(m, q) becomes the juxtaposition
of p̃i,k(m, q), similarly to (5). If we are interested in the extension
to wideband signals, we can proceed as in [9] by averaging pseu-
dospectra in a frequency sub-band fashion.

5. RESULTS

In this section we present simulations and experimental results to
prove the advantages of deconvolution in plenacoustic imaging. We
consider an uniform linear array of length 0.9 m (q0 = 0.45 m)
composed by M = 16 microphones. The array is divided into 14
sub-arrays, with W = 3. For all the simulations and the experi-
ments, we consider the signals acquired by the microphones to be
affected by an additive noise, whose power determines a Signal-to-
Noise Ratio equal to 10 dB. Non-deconvolved pseudospectra are
obtained with MVDR beamformer, while deconvolved pseudospec-
tra are obtained by solving the optimization problems in (11) or (13)
with the CVX Matlab R© toolbox [10].

5.1. Extended Source

Consider the acoustic scene depicted in Fig. 2a. The acous-
tic source consists in two discs of radii r = 0.08 m and their
centers are placed at pS,1 =

[
0.6 m 0.08 m

]T and pS,2 =[
0.6 m −0.08 m

]T . The signals emitted by the two discs are
opposite in sign. We simulated such setup with the k-Wave toolbox
[11]. We expect the plenacoustic image to exhibit two parallel lines
z1 and z2, corresponding to the centers of the discs pS,1 and pS,2,
respectively. Moreover, we expect the disc in pS,1 to be occluded by
the one in pS,2 for sub-arrays in the half-space y < 0, and viceversa
for sub-arrays in the half-space y > 0. Finally, due to the mutual
cancellation of contributions from the two discs, the image should
exhibit a null region for sub-arrays close to the origin. Fig. 2b and
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Figure 3: Comparison of radiation patterns estimated from I(m, q)
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Figure 4: Average localization error for the setup in Fig. 4a. Simu-
lations (Fig. 4b) and experiments (Fig. 4c)

Fig. 2c show the plenacoustic images I(m, q) and Ĩ(m, q), respec-
tively, at f = 1 kHz. The non-deconvolved plenacoustic image
I(m, q) suffers from a smearing of the peaks and does not present
significant energy in the range−0.2 ≤ q ≤ 0.2. On the other hand,
the deconvolved plenacoustic image is composed by two parallel
lines. The increase of definition gained with the deconvolution en-
ables further analysis on the plenacoustic image. As an example,
Fig. 3 shows the actual radiation pattern B(θ) of the source. B(θ)
has been estimated by placing in the simulation setup 360 micro-
phones around the source. Fig. 3 also shows the patterns B̂(θ) and
B̃(θ) estimated from I(m, q) and Ĩ(m, q), respectively. Note that
B̂(θ) takes values only at very few points, due to the absence of rel-
evant peaks in the non-deconvolved pseudospectra in I(m, q). On
the other hand, B̃(θ) closely approximates B(θ) for a significant
number of points, thanks to the higher resolution of Ĩ(m, q).

5.2. Localization

Consider the setup depicted in Fig. 4a. Two point-like sources are
located in pS,1 =

[
1 m 0 m

]
, and pS,2 =

[
(1 + ∆x) m 0 m

]
,

where ∆x is in the range (0.6 m, 1.6 m). Localization is performed
through suitable image pattern analysis on the plenacoustic images
I(m, q) and Ĩ(m, q), as in [2]. We denote the errors on pS,1 and
pS,2 from I(m, q) as êS,1 and êS,2, respectively, while ẽS,1 and
ẽS,2 are the localization errors from Ĩ(m, q). One hundred indepen-

dent realizations of the simulations are performed for each location
pS,2. Fig. 4b shows the average value of the localization errors as a
function of the distance ∆x. Notice that the deconvolution enables
to accurately localize both sources in pS,1 and pS,2 starting from
∆x = 0.7 m, while without the deconvolution the localization is
possible only from ∆x = 0.8 m.

Fig. 4c shows the average localization error for ten realizations
of an experiment that reproduces the setup in Fig. 4a. Sources and
microphones have been deployed in a modestly reverberant room.
Notice that the localization error exhibits a trend similar to Fig. 4b,
thus confirming the validity of the proposed technique also in real-
word conditions. Moreover, with real-world data, the error êS,2
increases with ∆x, while ẽS,2 is almost constant.

6. CONCLUSIONS

In this work we have proposed a methodology for the deconvolu-
tion of plenacoustic images aimed at improving the resolution ca-
pabilities. Deconvolution is based on the Covariance Matrix Fit-
ting technique. In order to reduce the computational cost, we also
propose a modification of the algorithm, which takes advantage of
the information contained in the plenacoustic image. By applying
the deconvolution novel applications of plenacoustic imaging are
possible, such as the estimation of the radiance pattern of acoustic
sources.
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