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Abstract—While the improvement of direction-of-arrival
(DOA) estimation using coded covers with a single acoustic vector
sensor (AVS) has been demonstrated, its extension to array-
based systems remains relatively unexplored. To bridge this gap,
we propose to extend the use of a coded cover from a single
AVS setup to array-based acoustic measurement systems. The
coded cover basically compresses the signals impinging on it
from a large virtual array to a smaller physical array of sensors.
To recover the uncompressed covariance matrix of the virtual
array represented by the coded cover, we adopt compressed
covariance sensing (CCS). Experimental results show that a 14
X 10 coded cover combined with an array of 12 probes that
measure both pressure and particle velocity enables accurate
localization of up to 100 sound sources in three dimensions,
even under challenging conditions with a signal-to-noise ratio
(SNR) as low as 10 dB. Furthermore, to address the impact of
geometric mismatch—which distorts the compression matrix—
we incorporate a grid-search-based calibration method to correct
these perturbations. The proposed approach demonstrates both
scalability and robustness, making it a promising solution for
large-scale sound source localization.

Index Terms—Acoustic particle velocity sensors, compressive
covariance sensing, DOA estimation, geometric mismatch correc-
tion

I. INTRODUCTION

Acoustic sound fields are characterized by both pressure
variations and particle velocity. While acoustic pressure is a
scalar quantity, particle velocity has both a magnitude and
a direction, making it a vector quantity. Acoustic particle
velocity sensors [1], which are transducers used to measure
particle velocity in air, operate on the same principles as hot-
wire anemometers. An acoustic vector sensor (AVS) has the
ability to measure acoustic pressure and one, two or three
particle velocity channels simultaneously. While individual
sensors provide valuable data on acoustic pressure and particle
velocity at a single point, scaling this approach to an array
offers enhanced capabilities.

Current systems that employ a single AVS with a coded
cover [2], [3] have shown improved detection accuracy through
compressed sensing (CS) [4] and compressed covariance sens-
ing (CCS) methods [5]. The model of the considered cover to
improve the performance of an AVS is shown in Fig. 1. As the
wave impinges on the cover, it passes through each channel
independently. At the exit of each channel, we assume the
presence of a point source. The sound then propagates from
this point source to the position of the AVS in the near field.
Notably, the CCS method applied to a single AVS with a coded

cover has the ability to detect more sound sources than an
AVS without cover. However, there remains a lack of evidence
regarding the scalability and performance of these methods in

more complex scenarios.
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Fig. 1: The model of a single AVS with a coded cover [3]

To address these challenges, this paper investigates the use
of a coded mask for an array of AVS sensors. By leveraging the
combined capabilities of multiple sensors, we aim to further
enhance DOA estimation accuracy and detection capabilities,
surpassing the limitations of single-sensor systems. This in-
vestigation seeks to explore how the integration of an AVS
sensor array can provide significant improvements, offering a
more robust solution for complex acoustic environments.

Furthermore, this paper proposes calibration within the
framework of CCS. Since CCS relies on an accurate system
model, even a small mismatch in the geometric configuration
can degrade performance. By integrating calibration tech-
niques into the CCS process, we aim to correct this mismatch
and enhance the accuracy of source localization.

II. MEASUREMENT MODEL

Assume K AVSs are placed behind a coded mask with M
channels. Each sensor provides () measurements, including
one sound pressure measurement and ) — 1 particle velocity
measurements. To estimate both elevation and azimuth angles
of N sources in 3D space, the mask must be configured in 2D
or 3D. Specifically, we consider a 2D planar arrangement of
the coded cover, as shown in Fig. 2. The mask is composed
of J rows and I columns, leading to a total of M = IJ
channels. The AVS array positioned behind the planar mask
also has a 2D planar arrangement. The localization includes



the elevation, which is based on the deviation from the z-axis
6 € [0°,90°) and azimuth from the x-axis 1 € [0°,360°).

Fig. 2: 3D source localization model

The signal direction of the n-th source is represented by the
unit vector g, = [sinf, cosy,,sin b, sin,, cosf,]|T. The
top of the coded cover can be viewed as a virtual array where
every channel entry represents a virtual array element. The
virtual element in the position (i,j) is characterized by the
position vector m;; = [(i —1) x &, (j — 1) x 6,0]T. Here, 4 is
the side length of each square channel entry and also equals
the spacing between the channels. In addition, the speed of
sound is denoted as ¢ and the source frequency as f. Hence,
the spatial frequency or wavenumber is given by k = 27 f/c
and the channel spacing in wavelengths is A = §f/c (we will
set it as 1/2 to avoid aliasing problems).

The array response vector related to the n-th source that
impinges on the virtual array can be expressed as

erkagmi
ejkq::sz

eakqus,l (l)

a(On,n) =

ejqu:mr,J

1 1
6]27TA sin 6, sin ¢, e]27rA sin 6,, cos ¥,
- . & . )

eg27r(Jfl)A sin 6, sin ¢y, ej2'n’(I71)A sin 6., cos iy,

ay (enﬂ/)n) aw(gvuwn)

2

where ® denotes the Kronecker product. Based on this, the
virtual array response matrices along the row and column
directions can be denoted as:

Ay(ead’) = [ay(elawl)a"'aay(evaN)} G(CJXNv (3)
Am(oaz/)): [aw(91’¢1)a-~-’aw(‘9Nﬂ/)N)] E(CIXN' (4)

Note that both these matrices have a Vandermonde structure.
The virtual planar array matrix for all sources can finally be
written as

A(0,) = [a(0r,¢1),-...a(0n, ¥N)] (3)
= [ay(917’(/}1) & aw(01a¢1)a R ay(9N7wN) Y a’w(HNawN)]

(6)
= A,(6,%) © A,(0,9) € C7*Y, (7)

where © represents the column-wise Kronecker product or
Khatri-Rao product.

Let us now discuss the compression matrix ® that describes
the propagation from the virtual array to the sensor array. It
can basically be constructed by calculating the distance from
the entrance of each channel to each sensor. Assume the length
of the m-th channel is d,,,, and the distance between the exit of
the m-th channel and the k-th AVS sensor is Ly, ,,. Since the
distance from the coded mask to the AVS array is far shorter
than 10 times the wavelength, a near-field model should be
assumed. Specifically, the attenuation from the entrance of the
m-th channel to the k-th AVS sensor can be represented by

1 27 (L m +dm)
_ —y
= e c
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Grouping the attenuation coefficients 8, ,,, fork =1,2,..., K

and a fixed channel m into a diagonal matrix, we obtain

Em = diag(ﬂl,my cee aﬁK,m) & IQXQ-

Note that we use the Kronecker product here to indicate the
linear relation between the pressure and the particle velocity
measurements used in the AVS. The compression matrix can
now be written as the following QK x M matrix:

@z[Elul,Eng,...,EMuM]. (8)

where u,, = [1,p1T7m,...,1,p£,m}T, with pg ., the direc-
tional unit vector pointing from the k-th sensor to the exit of
the m-th channel. Note that the length of py ,,, is Q — 1.
After obtaining A(6,1)) and P, the total array response
matrix is:
B(0,v) = ®A(6,%)
= [®a(01,71), Pa(f2,92), ..., Pa(dn,¥N)]
- [b(elv 1/11)7 b(923 ¢2)7 ey b(9N7 wN)]
The received signals at the AVS array can finally be expressed
as:
y(t) = ®A(0,9)s(t) +n(t) = B(6,9)s(t) +n(t)  (9)
= ®x(t) + n(t) € COExL (10)
where x(t) = A(0,v)s(t) is the noiseless measurement
vector at the virtual array. The measurement covariance matrix
R,y can thus be calculated as
Ry = ®A(0,9)R:A(0,9)"®@" + R,
=B(6,%)RsB(6,9)" + R,
= ®R,®7 + R,, € COEXQK

(1)
(12)
13)



where Ry = E{s(t)s(t)?}, Ry, = E{n(t)n(t)¥} and
R, = E{x(t)x(t)} are the covariance matrices of the
corresponding signals.

III. CCS PRINCIPLE

Suppose now that Ry lives in a subspace that is character-

ized by a set of basis matrices S = {3, X1,...,35_1}. In
other words, we can write Ry as
|S|—1
Ry= > anZn, (14)
m=0

The structure of this subspace will be discussed in the next

section, but let us for now assume that such a subspace exists

and that its dimension |S| is much smaller than M? = I J2.
Plugging (14) into (13), we then get

|S|—1

Ry —Rn= > 0,85, ®" (15)
m=0
|S|-1

= Z amimy (16)
m=0

where the set of compressed basis matrices is given by
S = {io,il, ...§|5‘_1} with im = @qu>H

If the compression matrix ® is able to preserve all the
second-order statistical information of x, it is called an S-
covariance sampler. Such a sampler is able to preserve the
linear independence among the matrices in the set S, ie., if
there is a unique set of weights {«,,} to describe Ry, then
this is also the unique set of weights to describe Ry —Ry,. The
idea of compressed covariance sensing (CCS) [6] therefore is
to estimate the set of weights {a,,} based on (16) and to use
them to reconstruct Ry based on (14). Note that the smaller
|S|, the higher the compression ratio achieved by CCS.

To estimate the «,,, values, we can use either a maximum-
likelihood (ML) approach [7], [8] or a linear least squares
(LLS) method. ML involves a high computational cost and
requires an accurate statistical characterization of the observa-
tions. For this reason, we consider a simple LLS cost based
on (16):

|S]-1

Z o S -
m=0

The solution is described in [5]. First, we vectorize the
matrices Ry, Rn, Rx and X,, into the respective vectors
Oy, Opn, 0x and o, and we define o = [, a1, ...,a|3‘,1]T.
From (14), we can then obtain a linear relation between o,
and a:

& =argmin|Ry — Ry, —
(o7

IS|—1

= E A0, = Sa,
m=0

where S = [0, 071, ..., 0|s|—1]. And from (13), we can derive
also a linear relation between oy — o, and o

oy —0n= ("R P)o, = (2" @ P)Sa

a7

(18)

Hence, o can be estimated by solving the above equation with
LLS: & = [(®" ® ®)S]"(oy — 0,,), where T denotes the
pseudo-inverse operation. Finally, Ry can be obtained as

R, = vec  {S[(®* ® ®)S|* (0, — 7,)}.

Any covariance-based DOA estimation algorithm can be
applied to localize the sources using R.. In this paper, we will
focus on the multiple signal classification (MUSIC) algorithm
for this [9].

IV. COVARIANCE SUBSPACE CHARACTERIZATION

In this section, we will discuss the specific structure of Ry,
which in turn specifies the set of basis matrices S.

Assuming all the N sources are independent, i.e., the source
covariance matrix Ry is diagonal, the covariance matrix Ry
can be written as

Ry = A(6,9)R:A(0,7)"
N
-
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where o2 is the signal power of the n-th source. This matrix
turns out to be a positive semidefinite (PSD) (1, .J), 2-level
Toeplitz (2LT) matrix, as defined in [10]. The rank of this
matrix is N. When N < min(J,J), all the sources can be
recovered surely based on Theorem 1 in [10]. According to
Theorem 2, if such a decomposition of the covariance matrix
with N > min(I, J) exists, it can be uniquely found under
the weak condition:

N < IJ—max(l,J) =M —max(I,J).  (19)

This provides a theoretical upper bound on the maximum
number of sources that can be uniquely recovered using the
CCS method.

Let us now characterize this set of (I, .J) 2LT matrices based
on the subspace of Hermitian Toeplitz (HT) matrices. A basis
for the subspace of HT matrices of size J x J is:

= {2672/17 "'E/QJ—2}
={L;}u{T,, ..., T, Ju{T), ..., T},

where T’ denotes the HT matrix with all zeros except for the
entries on the diagonals +7 and —j, which have ones, and T’
represents the HT matrix with all zeros except for the entrles
on the diagonal +7, which have the imaginary unit 3, and those
on the diagonal —j, which have —). As a result, for the n-th
source, we can write

(20)
2

2J—-2

ZQE'

Next, a basis for the subspace of HT matrices of size I x [
is:

( ny wn)afy nﬂ/’n

073 T L (22)
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where T/ and T/ are similarly defined as before. And as
before, for the n-th source we can then write

(23)
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From the derivation above, the full covariance matrix Ry
for a single source n has the form
21—-22J—2

a0, Vn)a(0n, ) 02 = Z Z of ol 3] @ X
=0 j=0
(24)
(21-1)(2J-1)
>

m=1

Qi nXm (25)
Here, «y, ., contains all unknown scalar information in the two
HT subspaces as well as the signal power, defined as o} /o7
The basis matrices 3,,, that yield the subspace of Ry for such
a single source n can thus be defined as:

S={E,eCMz,, =5, 5 cs" 5 8
(26)

The cardinality of this set S is |S| = (2J — 1)(2] — 1).

For multiple sources, since each independent source shares
the same subspace, the weight of a basis matrix will be given
by the sum of the respective weights for the N sources. In
other words, we obtain

N

Rx - Z a’(ena wn)a(eny ¢n)H0721

n=1
(2I-1)(2J-1) N

E E am,nEm
m=1 n=1

(2I-1)(2J-1)

= 2
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where «,, is the unknown scalar that contains all source
information. To keep the system of equations in (18) overdeter-
mined, the following constraints on I and J must be satisfied:

(21 —1)(2J — 1) < (QK)~.

This will allow for the design of M = IJ coded cover
channels, and the recovery of M — max(I,.J) sources will
be guaranteed.

V. CALIBRATION OF GEOMETRIC MISMATCH

Accurate DOA estimation depends on the precise geometric
configuration of the sensing system. Small deviations in the
geometry, such as the sensor positions in the array or array
rotations, can significantly distort the compression model and
degrade performance. In this section, we examine the impact of
geometric mismatch and propose a method for compensating
these distortions.

A. Categories of Geometric Mismatch

The geometric system parameters can be categorized into

three main types:

o [: The distance between the coded mask entry and the
sensor array.

o ¢: The positional deviation of the first sensor. We restrict
this to deviations in the x-direction, although this can be
extended.

e (: The rotation angle of the planar array relative to the
plane parallel to the coded mask. For simplicity, we limit
ourselves to rotations around the y-axis, although this can
be extended.

Fig. 3 depicts these system parameters from an x-z plane
perspective.
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Fig. 3: Visualization of the geometric parameters in the x-z
plane.

B. Grid-Search Method

Unlike receiver-based errors [11], which typically act row-
wise on the compression matrix and are uniform across chan-
nels, a geometric mismatch introduces element-wise phase
and gain distortions on the compression matrix. Consequently,
applying the calibration matrix directly to the compression
matrix requires element-wise corrections [12]. However, in our
case, the large size of the compression matrix renders this ap-
proach computationally impractical. Therefore, we propose a
practical alternative based on the structure of our compression
model.

When considering perturbations solely due to geometric
mismatch, we propose using a grid-search method to optimize
the geometric parameters accordingly. The main geometric
parameters that need to be optimized have been introduced
in Section V-A.

For each parameter configuration, the corresponding com-
pression matrix ®° is computed. The CCS method is then
applied to recover the covariance matrix by constructing:

RL =vec ' {S[(@" 0 ®')S]" (o) —ou)}.

And the corresponding reconstruction error is then computed
e; = Hay —on— (2" 0 P) 0'3(H2 .



Fig. 4: RECT-7.5

The best set of geometric parameters is selected by finding the
minimum error.

VI. SIMULATION TESTS

In this section, we first perform simulations to validate
the effectiveness of the CCS method in 3D sound source
localization. Then, we evaluate the performance of the grid
search method for correcting geometric mismatch.

The sensors we used are called PU probes. It is a sound
intensity probe that integrates two sensing technologies: a
traditional microphone (P) and a Microflown sensor (U) [13],
[14]. It can basically be viewed as a 1D AVS. The Microflown
PU probe provides a distinctive capability to capture acoustic
information from one direction within a sound field. One of
the planar array product series from Microflown is the Hand-
Held Array. It includes the RECT-7.5, RECT-1.8, and BiHex
models. The first two arrays both feature a 3 x 4 configuration
with 12 PU probes.

In the simulations, we focused only on the RECT-7.5, where
the orientation of each probe is perpendicular to the array
plane, which is towards the z axis in the model described
before. The sensor spacing is kept as 75 mm. Fig. 4 shows a
picture of the RECT-7.5. Thus, we have K = 12 and @) = 2.

A. Simulation Results of CCS for 3D Source Localization

We test the case when a 10 x 14 planar coded cover is
used. The maximum number of identifiable sources for the
considered set-up is 140 — 14 = 126. The RECT-7.5 is
positioned 15 cm behind the entry plane of the coded cover.
The length of the coded cover channels ranges from 1 cm to
10 cm. The signal frequency is 10 kHz, so the channel spacing
is chosen to be 1.7 cm to ensure it is half the wavelength.

Fig. 5 shows that when 100 sources are present, the CCS
method combined with the MUSIC algorithm is able to
localize them all effectively.

B. Simulation Results after Grid Search

The proposed algorithm is next evaluated using 30 randomly
placed sources in 3D space, with an SNR of 20 dB. The
introduced geometric mismatch is defined as follows: the
actual distance between the coded cover and the array is 15.2

0 10 20 30 40 50 60 70 80 90
Elevation

(a) 100 random sources

0 10 20 30 40 50 60 70 80 90
Elevation

(b) 100 sources in a specific pattern

Fig. 5: MUSIC localization of 100 sources with CCS when
SNR = 10dB

cm instead of the nominal 15 cm. Additionally, the array
experiences a rotational deviation around the y axis of 2°,
resulting in a non-parallel alignment between the two planes.

The search range for [ spans from 14.5 cm to 15.5 cm, with
a resolution of 0.1 cm. For the rotational deviation, the search
range extends from —5° to 5° with a resolution of 1°.

A comparison between Fig. 6 and Fig. 7 demonstrates the
effectiveness of grid-search calibration in the 3D scenario.
Once the optimal parameters are identified, the algorithm
accurately localizes the sources. The distance [ that best fits
the model is found to be 15.2 cm, and the rotation adjustment
corresponds precisely to the introduced deviation of 2°.

VII. CONCLUSION

In this paper, we proposed a planar coded cover for an array
of acoustic vector sensors and developed a CCS algorithm for
3D sound source localization. With the proposed setup, we
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Fig. 6: CCS localization result using the nominal (incorrect)
compression matrix in the 3D case, where the detected peaks
do not align with the true source positions

successfully estimated 100 sources under an SNR of 10 dB,
demonstrating the extension of the CCS localization capability
from 2D to 3D. To address geometric mismatch, we further
proposed a grid-search-based correction method, which was
validated through simulations.
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