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A circular microphone array with virtual microphones based
on acoustics-informed neural networks

Sipei Zhaoa) and Fei Ma
Centre for Audio, Acoustics and Vibration, Faculty of Engineering and IT, University of Technology Sydney, Sydney, Australia

ABSTRACT:
Acoustic beamforming aims to focus acoustic signals to a specific direction and suppress undesirable interferences

from other directions. Despite its flexibility and steerability, beamforming with circular microphone arrays suffers

from significant performance degradation at frequencies corresponding to zeros of the Bessel functions. To conquer

this constraint, baffled or concentric circular microphone arrays have been studied; however, the former need a

bulky baffle that interferes with the original sound field, whereas the latter require more microphones that increase

the complexity and cost, both of which are undesirable in practical applications. To tackle this challenge, this paper

proposes a circular microphone array equipped with virtual microphones, which resolves the performance

degradation commonly associated with circular microphone arrays without resorting to physical modifications. The

sound pressures at the virtual microphones are predicted from those measured by the physical microphones based on

an acoustics-informed neural network, and then the sound pressures measured by the physical microphones and those

predicted at the virtual microphones are integrated to design the beamformer. Experimental results demonstrate that

the proposed approach not only eliminates the performance degradation but also suppresses spatial aliasing at high

frequencies, thereby underscoring its promising potential.
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I. INTRODUCTION

Beamforming with circular microphone arrays (CMAs)

aims to localize sound sources and extracts sound signals

from a certain spatial direction, which has been used in vari-

ous applications such as speech communications (Huang

et al., 2017a), hearing aid devices (Meyer, 2001), environ-

mental noise source localization (Tiana-Roig et al., 2010),

and direction of arrival estimation (Pavlidi et al., 2013).

CMAs are advantageous over linear arrays because they

can localize sound signals over 360� and avoid azimuth

ambiguity. Therefore, the past two decades have witnessed

tremendous research attention on CMAs and various design

methods have been studied. Meyer (2001) investigated the

performance of a CMA mounted around a rigid sphere based

on phase mode beamforming with either monopole or dipole

sensors. Teutsch and Kellermann (2006) proposed to detect

and localize acoustic sources based on wavefield decompo-

sition using CMAs. Tiana-Roig et al. (2010) proposed a cir-

cular harmonic beamforming (CHB) method, which shows a

better angular resolution and a lower sidelobe level than the

conventional delay-and-sum beamformer, although it is

more sensitive to sensor noise. Torres et al. (2012) proposed

to combine the CHB with time-frequency processing for

robust acoustic source localization using CMAs. Different

from the above eigen beamforming techniques, Benesty

et al. (2015) proposed differential beamforming with CMAs

by obtaining the spatial filters through solving some linear

equations determined by the null constraints from the

desired beampattern. Huang et al. (2020) extended this null-

constrained method to include symmetric constraints for

CMAs to design a continuously steerable differential beam-

former. In addition, other methods for beamforming with

CMAs, such as the Jacobi–Anger expansion method (Huang

et al., 2017a) and the minimum mean square error (MMSE)

method (Wang et al., 2022), have been explored.

Despite having been broadly studied, one of the major

concerns with an open CMA is the inherent deep nulls in the

directivity factor and the white noise gain (WMG) caused

by the zeros of the Bessel functions at some frequencies

(Huang et al., 2017b). To overcome this inherent problem in

CMAs, researchers have proposed to mount the CMA

around a baffle, such as a rigid sphere (Meyer, 2001; Tiana-

Roig et al., 2011) or an infinite cylinder, either acoustically

soft (Teutsch and Kellermann, 2006) or rigid (Tiana-Roig

et al., 2010). However, adding a baffle, either a cylinder or a

sphere, is usually cumbersome and introduces interferences

to the original sound field, which may not be desired in prac-

tice. Therefore, concentric circular microphone arrays

(CCMAs) have been studied to overcome the deep-nulls

problem in the CMA, without the need for a baffle. Huang

et al. (2017b) proposed a robust concentric circular differen-

tial microphone array based on the Jacobi–Anger expansion

to overcome the deep-nulls problem in the CMA. Wang

et al. (2023) proposed a mode matching-based beamformer

using concentric circular differential microphone arrays.a)Email: Sipei.Zhao@uts.edu.au
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While these beamforming techniques based on CCMAs can

mitigate the deep-nulls problems of CMAs, more micro-

phones are needed to create a CCMA, making the system

more complicated and expensive.

In an alternative approach, this paper proposes a circu-

lar microphone array with virtual microphones (CMA-VM)

based on recent advances in physics-informed neural net-

works (PINNs). In the past few years, PINNs have been a

hot research topic in various fields (Cai et al., 2021a; Cai

et al., 2021b; Misyris et al., 2020): as opposed to the pure

data-driven machine/deep learning techniques, the PINN

incorporates physical laws into the design and optimization

of a neural network to improve its generalization capabilities

(Karniadakis et al., 2021). Recently, PINNs have also been

applied in acoustics for various applications. Olivieri et al.
(2021) applied a PINN for near-field acoustic holography,

Kahana et al. (2023) used a PINN to locate acoustic sources

in a waveguide with high accuracy, Ma et al. (2023)

employed a PINN for spatial upsampling of head-related

transfer functions, Pezzoli et al. (2023) and Karakonstantis

et al. (2024) utilized a PINN to reconstruct room impulse

responses in the time domain and found that the PINN out-

performs other methods in reconstructing the early part of

the room impulse responses, and Ma et al. (2024) proposed

a compact acoustics-informed neural network (AINN) to

reconstruct a spatial sound field under different room condi-

tions. Despite the above studies, however, PINN has not

been used in acoustic beamforming, to the best of the

authors’ knowledge.

In this paper, based on the recently proposed AINN by

the authors Ma et al. (2024), the CMA-VM approach,

which overcomes the deep-nulls problem in CMAs yet does

not need a baffle or additional microphones to create a

CCMA, is proposed. A circular array of physical micro-

phones is used to measure the sound pressures along a ring,

based on which the sound pressures at the virtual micro-

phones along a concentric ring are estimated using a com-

pact AINN. The measured sound pressures by the physical

microphones and the estimated sound pressures at the vir-

tual microphones are then combined to design the beam-

former. By using the AINN-based virtual microphones, the

deep-nulls problem in the conventional CMA is tackled

without introducing extra physical microphones or a cylin-

drical/spherical baffle. In addition, by using more VMs than

the original physical microphones, spatial aliasing effects at

higher frequencies can also be suppressed. Experiments are

carried out in a hemi-anechoic chamber to validate the pro-

posed approach.

II. CCMA

A. Problem formulation

As illustrated in Fig. 1, a typical CCMA consists of Q
rings, each with Mq(q¼ 1, 2, …, M) microphones. Therefore,

the total number of microphones used in the CCMA is

M ¼
PQ

q¼1 Mq. For notational simplicity and without loss of

generality, the centre of the CCMA is assumed to coincide

with the origin of the coordinate system and the azimuth

angles are measured anti-clockwise from the positive x axis,

as depicted in Fig. 1. The radius of the qth ring is rq, and the

angular position of the mth microphone on the qth ring is

uq;m. The microphones on each ring are assumed to be uni-

formly distributed, hence (Wang et al., 2024)

uq;m ¼ uq;1 þ m� 1ð Þ 2p
Mq

; (1)

where uq,1 denotes the angular position of the first micro-

phone on the qth ring.

Assuming that a plane wave at frequency f with an

amplitude of A( f ) impinges on the CCMA from the direc-

tion of h, the sound pressure at the mth microphone in the

qth ring can be expressed as

p krq;uq;m

� � ¼ A fð Þe jkrq cos h�uq;mð Þ; (2)

where j is the imaginary unit, k¼ 2pf/c denotes the wave

number, and c denotes the speed of sound—typically around

340 m/s. It is noted that the sound pressure at each micro-

phone in Eq. (2) is different because its phase depends on

the location of the microphone. The amplitude of the sound

pressure, i.e., A( f ), is the same at all the microphones

because the incident wave is assumed to be a plane wave.

The plane wave model is generally valid when the sound

source is far from the microphone array and has been widely

used in the literature of beamforming (Benesty et al., 2015).

To filter out the sound signals from a particular direction, a

complex weight, h�q;mð f Þ, is applied to the sound pressure

measured by each microphone, and the weighted outputs are

superposed to form the array response, i.e.,

y f ; hð Þ ¼
XQ

q¼1

XMq

m¼1

h�q;m fð Þp krq;ur;q

� �
; (3)

where the superscript * denotes the complex conjugate oper-

ator. Substituting Eq. (2) into Eq. (3) yields

FIG. 1. (Color online) Illustration of the concentric circular microphone

array (CCMA).
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y f ; hð Þ ¼ A fð Þ
XQ

q¼1

XMq

m¼1

h�q;m fð Þejkrq cos h�uq;mð Þ: (4)

Equation (4) shows that the output of the array is a function

of the angle of the incident plane wave. The objective of a

beamforming algorithm is to optimize the weights h�q;mð f Þ
for m 2 ½1;Mq� and q 2 ½1;Q�, so that the microphone array

picks up sound signals from a certain look direction, hs,

while suppressing the sound signals from all other direc-

tions. Therefore, the ideal beamformer response is

bideal f ; hð Þ ¼ A fð Þd h� hsð Þ; (5)

where dð�Þ is the Kronecker delta function. This can be

expanded in Fourier series as (Tiana-Roig et al., 2010)

bideal f ; hð Þ ¼ A fð Þ
X1

n¼�1
ejn h�hsð Þ: (6)

B. Beamformer design

To approximate the beamformer response in Eq. (4) to

the ideal response in Eq. (6), the exponential term in Eq. (2)

is expanded into circular harmonics according to the

Jacobi–Anger expansion, i.e. (Huang et al., 2017a),

e
jkrq cos h�uq;mð Þ ¼

X1
n¼�1

cn;qe
jn h�uq;mð Þ; (7)

where cn;q ¼ jnJnðkrqÞ and Jnð�Þ denotes the nth order Bessel

function of the first kind. Substituting Eq. (7) into Eq. (3),

one obtains

y f ; hð Þ ¼ A fð Þ
XQ

q¼1

XMq

m¼1

h�q;m fð Þ
X1

n¼�1
cn;qe

jn h�uq;mð Þ

¼ A fð Þ
X1

n¼�1
ejnh
XQ

q¼1

cn;q

XMq

m¼1

h�q;m fð Þe�jnuq;m : (8)

In principle, the array response in Eq. (8) can approach

the ideal beamformer response in Eq. (6) by equating the

corresponding coefficients of the infinite number of circular

harmonics. In practical implementations, however, the infi-

nite series must be truncated to a certain order due to a lim-

ited number of microphones used in each ring of the

concentric array. As a rule of thumb, Nq � krq is usually

used as the first approximation due to the fact that the ampli-

tude of the Bessel functions is small when the order of the

Bessel function, n, exceeds its argument, krq (Tiana-Roig

et al., 2010). On the other hand, to avoid spatial aliasing, the

highest order should be smaller than half the number of

microphones on each ring, i.e., Nq < Mq=2. Therefore, Nq

¼ minðdkrqe; Mq=2� 1Þ is chosen for each ring. The maxi-

mum order of the concentric array is determined by the maxi-

mum order of each ring, i.e., N ¼ maxðN1; …; Nq; …; NQÞ.
Therefore, the array output in Eq. (8) is approximated as

y f ; hð Þ � A fð Þ
XN

n¼�N

e jnh
XQ

q¼1

cn;q

XMq

m¼1

h�q;m fð Þe�jnuq;m :

(9)

Similarly, the ideal beamformer response in Eq. (6) is

also truncated to a finite number of circular harmonics, i.e.,

bN f ; hð Þ ¼ A fð Þ
XN

n¼�N

ejn h�hsð Þ: (10)

By equating Eqs. (9) and (10), one obtains

jn
XQ

q¼1

Jn krqð Þ
XMq

m¼1

h�q;m fð Þe�jnuq;m ¼ e�jnhs (11)

for n 2 ½�N; N�, which can be written in vector form as

jn
XQ

q¼1

hH
q fð Þwn;qJn krqð Þ ¼ e�jnhs ; (12)

where

hq fð Þ¼ hq;1 fð Þ � � � hq;m fð Þ � � � hq;Mq
fð Þ

� �T
(13)

and

wn;q ¼ e�jnuq;1 � � � e�jnuq;m � � � e�jnuq;Mq

� �T
(14)

are vectors of length Mq. Equation (12) can be further sim-

plified as

jnhH fð Þwn fð Þ ¼ e�jnhs ; (15)

where

h fð Þ ¼ hT
1 fð Þ � � � hT

q fð Þ � � � hT
Q fð Þ

h iT

(16)

and

wn fð Þ¼ Jn kr1ð ÞwT
n;1 ��� Jn krqð ÞwT

n;q ��� Jn krQð ÞwT
n;Q

h iT

(17)

are vectors of length M.

Taking the conjugate for both sides of Eq. (15) yields

wH
n fð Þh fð Þ ¼ jne jnhs : (18)

By stacking Eq. (18) for n 2 ½�N; N�, one obtains

W fð Þh fð Þ ¼ b; (19)

where

W fð Þ ¼ wH
�N fð Þ � � � wH

n fð Þ � � � wH
N fð Þ

� �T
(20)
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is a ð2N þ 1Þ �M matrix that has full-column rank and

b ¼ j�Ne�jNhs � � � jnejnhs � � � jNejNhs

� �T
(21)

is a vector of length ð2N þ 1Þ. To avoid spatial aliasing, M
is usually no less than ð2N þ 1Þ. When M > ð2N þ 1Þ, Eq.

(19) is an underdetermined system and the solution is

(Huang et al., 2018)

h fð Þ ¼ WH fð Þ W fð ÞWH fð Þ
� ��1

b: (22)

When M ¼ ð2N þ 1Þ, Wðf Þ is a square matrix and Eq. (19)

is a fully determined system, so the solution simplifies to

h fð Þ ¼ W�1 fð Þb: (23)

Once the weight vector hð f Þ is obtained from Eq. (22) or

Eq. (23), substituting it to Eq. (3) will generate the beam-

former response that is steered to the desired direction hs.

The above formulation for the CCMA degenerates to

the CMA for Q ¼ 1, when all the microphones are placed

along a single ring. The CMA needs less microphones but

suffers from deep degradation in performance due to the

zeros of the Bessel functions at some frequencies; this has

been discussed in many references (e.g., Huang et al.,
2017b; Tiana-Roig et al., 2010) and thus is not repeated

here for brevity. Although the CCMA can overcome this

problem, more microphones are required to form a CCMA,

leading to increased cost and complexity. In Sec. III, it is

proposed to replace some microphones in the CCMA with

virtual ones to reduce the number of physical microphones.

III. VMS BASED ON AINN

As depicted in Fig. 2, instead of the conventional

CCMA with all physical microphones on each ring, this

paper proposes to combine physical microphones on a single

ring (black dots) and virtual microphones (green dots) to

form a CMA-VM. The sound pressures at the virtual micro-

phones are estimated from those measured by the physical

microphones based on a recently proposed AINN (Ma et al.,
2024). The physical and virtual microphones are then com-

bined to form a CCMA so as to eliminate the deep-nulls

problem in the conventional CMA. Therefore, the proposed

CMA-VM incorporates the benefits of both a CMA (using

fewer physical microphones) and a CCMA (showing no

noticeable performance degradation) without the need for a

baffle.

To estimate the sound pressures at the virtual micro-

phones based on the measured data of the physical micro-

phones, the AINN in Fig. 3 is utilized, where the blue solid

circles denote the network neurons. The input to the AINN

is the coordinates of the training data, and the output is the

corresponding predicted sound pressures. In the traditional

purely data-driven technique, only the coordinates of the

measurement points (physical microphones) and the corre-

sponding measured sound pressures are used to train the

neural network, as depicted by the yellow blocks in Fig. 3.

In this case, the loss function to update the network weights

is defined as the mean square error (MSE) of the training

data, i.e.,

eD ¼
1

M
kpD � ~pDk

2; (24)

where k � k denotes the Euclidean norm and pD and ~pD are

column vectors of length M for the sound pressures that are

measured by the M physical microphones and that are esti-

mated by the neural network, respectively. The tilde on ~pD

indicates this is an intermediate value during the network

training process.

In the AINN, in addition to the above data loss function,

acoustic laws are also taken into account when optimizing

the weights of the neural network. It is well known that the

spatial propagation of acoustic waves in linear medium is

governed the Helmholtz equation, i.e. (Nelson and Elliott,

1992),

r2pþ k2p ¼ 0; (25)

where r2 is the Laplacian operator. To account for this

acoustic law, the sound pressure estimated by the neural net-

work is sampled over a spatial region of interest. The coor-

dinates of the sampling points are denoted as ðxA;i; yA;iÞ,
and the corresponding estimated sound pressures are ~pA;i for

i¼ 1, 2, …, I, where I is the total number of spatial sampling

points. The subscript A is used to differentiate acoustically

sampled points from the measurement points. Therefore, an

additional loss function is defined to regulate the neural net-

work, i.e. (Ma et al., 2024),

eA ¼
1

I

XI

i¼1

��� 1

k2
r2~pA;i þ ~pA;i

���
2

; (26)

where the left-hand side of Eq. (25) has been reformulated

in Eq. (26) so that the acoustic loss function has the same

physical dimension with the data loss function in Eq. (24).

FIG. 2. (Color online) Illustration of the circular microphone array with vir-

tual microphones (CMA-VM), where the black and green dots denote the

physical and virtual microphones, respectively.
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The definition of the acoustic sampling points and the asso-

ciated acoustic loss function is illustrated by the green

blocks in Fig. 3. To consider both the data and the acoustic

losses during the training stage, the overall loss function is

defined as

eT ¼ eD þ eA: (27)

The gradients of the overall loss function against the neural

network parameters are used to update the network, as

depicted by the orange block and arrow in Fig. 3.

In the AINN used in this paper, two hidden layers and

one output layer are used and the frequency-dependent

number of neurons in each layer is set to dkre, where d�e
denotes the ceiling operator and r is the radius of the

CMA with physical microphones (Ma et al., 2024). The

AINN is implemented with the TENSORFLOW library, and

the ADAM algorithm with a learning rate of 10�3 is used

as the optimizer. The training process is set to stop when

the data loss does not change over 5000 consecutive

epochs. It is noted that the AINN in Fig. 3 is a real-valued

network, so the real and imaginary parts of the sound pres-

sures are trained and estimated using two separate AINNs.

Our previous results showed that this decoupled-AINN

performs better than the coupled-AINN, where the real

and imaginary parts of the sound pressures are trained and

estimated using a single neural network (Ma et al., 2024).

The specific reason for the decoupled-AINN to perform

better than the coupled-AINN remains unclear yet, which

is beyond the scope of this work and will be investigated

in future work.

After the AINN is well trained, the sound pressures at

the virtual microphones are predicted at the given coordi-

nates, as shown in Fig. 2. Then the sound pressures mea-

sured by the physical microphones and that predicted at the

virtual microphones are combined and fed to the beam-

former. As an example, for simplicity, it is assumed that the

physical microphones are placed on a ring and the virtual

microphones are on another concentric ring to form a dual-

ring CMA-VM. In this case, the response of the beamformer

can be written as

y f ; hð Þ ¼
XM1

m¼1

h�1;m fð Þp kr1;u1;m

� �

þ
XM2

~m¼1

h�2; ~m fð Þ~p kr2;u2; ~m

� �
; (28)

where pðkr1;u1;mÞ and ~pðkr2;u2; ~mÞ denote the sound pres-

sures at the mth physical microphone at ðr1;u1;mÞ and the

~mth virtual microphone at ðr2;u2; ~mÞ and h�1;mð f Þ and h�2; ~mð f Þ
denote their corresponding weighting coefficients, respec-

tively. The number of physical microphones M1 does not

necessarily equal the number of the virtual microphone ~M2;

as will be shown in Sec. IV, using more virtual than physical

microphones is able to mitigate the spatial aliasing effect at

the high frequency range. The tilde on ~p, ~M2, and ~m denotes

that these variables are associated with the virtual

microphones.

Once the weighting coefficients are designed according

to the beamforming algorithm in Sec. II and the sound pres-

sures at the virtual microphones estimated by the AINN in

this section, the beamformer response is calculated accord-

ing to Eq. (28) and the performance of the CMA, CCMA

and CMA-VM is compared in terms of beampattern, direc-

tivity index (DI), and WNG, respectively. The beampattern

evaluates the response of the beamformer to a plane wave

from the direction of h; hence Eqs. (3) and (28) represent

the beampatterns of the CCMA and the CMA-VM, respec-

tively, as a function of frequency f and incident angle h. The

CMA is a special case of the CCMA when Q¼ 1 or, equiva-

lently, a special case of the CMA-VM when the virtual

microphones are not used, i.e., the second term on the right-

hand side of Eq. (28) vanishes. The DI describes the perfor-

mance of the beamformer in suppressing noise from other

directions than the look direction hs and is defined (Huang

et al., 2018) as

DI fð Þ ¼ 10 log10

ky f ; hsð Þk2

hH fð ÞC fð Þh fð Þ
; (29)

where the elements of the M�M matrix Cð f Þ are

FIG. 3. (Color online) Diagram of the

acoustics-informed neural network

(AINN).
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C fð Þ½ �ij ¼ sinc kdij

� �
; (30)

where dij denotes the distance between the ith and jth micro-

phones. The WNG characterizes the robustness of a beam-

former and is defined as

WNG fð Þ ¼ 10 log10

ky f ; hsð Þk2

hH fð Þh fð Þ
: (31)

For a fair comparison between different methods without

loss of generality, it is usually assumed the incident wave

has a unit amplitude. In Sec. IV, experimental results are

presented to compare the performance of the proposed

CMA-VM method with that of the conventional CMA and

CCMA.

IV. EXPERIMENTS AND DISCUSSION

A. Experimental setup

Experiments were carried out in the University of

Technology Sydney (UTS) hemi-anechoic chamber with

50 mm Martini Absorb XHD50 (CSR Martini, Ingleburn,

Australia) sound absorbing materials on the ground to

reduce acoustics reflections. As shown in Fig. 4, a CCMA is

placed at the centre of a circular array of 60 loudspeakers.

The Genelec 8010A loudspeakers (Genelec, Iisalmi,

Finland) were mounted on a circular truss with a radius of

1.5 m, but the radius of the acoustic centres of the loud-

speakers is approximately 1.25 m due to the size of the

mounting facilities. DPA 4060 series miniature omnidirec-

tional microphones (DPA Microphones, Lillerød, Denmark)

were uniformly placed along two rings, each with 30 micro-

phones, with radii of 0.12 and 0.10 m, respectively. To mea-

sure the impulse responses from the loudspeakers to the

microphones, a 3-s-long log sine sweep signal between

20 Hz and 22 kHz is played back at a sampling rate of

48 kHz for three repetitions. More details about the experi-

mental setup and measurement procedures are available in

Zhao et al. (2022). The acoustic transfer functions were

obtained from the impulse responses via fast Fourier

transform.

It is noted that, different from many other studies where

a single large neural network is used to model the time

domain acoustic impulse responses, we used multiple com-

pact AINNs to model the sound pressures at each frequency

individually, and the real and imaginary parts were also

modelled separately. Therefore, a total number of 2Nf inde-

pendent AINNs were trained individually, where Nf denotes

the number of frequency bins. Because the AINNs were

trained in the frequency domain, with each AINN corre-

sponding to each frequency, the training and testing of the

AINNs are not dependent on the signal spectra. In this

paper, the transfer functions from the sound sources to the

microphones were used to train the AINNs. In practical

applications, any type of sound signals such as speech or

white noise can be used to train and test the AINNs via the

short time Fourier transformation.

For each AINN, as shown in Fig. 3, three inputs are

required in the training stage: i.e., the sound pressures

FIG. 4. (Color online) Photograph of

the experimental setup with the loud-

speaker array (left) and the micro-

phone array (right). (Not to scale.)

FIG. 5. (Color online) Beampatterns for (a) the CMA with R1¼ 0.12 m and M1¼ 30, (b) the CCMA with R1¼ 0.12 m, R2¼ 0.10 m, and M1¼M2¼ 30, and

(c) the CMA-VM with R1¼ 0.12 m, ~R2¼ 0.10 m, and M1¼ ~M2 ¼ 30. The tilde on ~R2 and ~M2 denotes that these variables are associated with the virtual

instead of physical microphones.
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measured by physical microphones, the coordinates of the

physical microphones (measurement points), and the coordi-

nates for the sampling points based on which the acoustic

loss in Eq. (26) are calculated. The sampling points for the

acoustic loss were uniformly sampled over a square region

around the physical microphones. In the experimental setup

in Fig. 4, the physical microphones were placed along a cir-

cle with a radius of 0.12 m, so the sampling points were

uniformly sampled for �0.12 m< x< 0.12 m and �0.12 m

< y< 0.12 m at an interval distance of 0.01 m. Hence a total

of 625 sampling points were used. The interval distance of

0.01 m was chosen to be much smaller than the smallest

wavelength of interest: i.e., 0.085 m for 4 kHz.

In addition to the sampling points, the amount of train-

ing data for each AINN depends on the number of physical

microphones. For the results in Sec. IV B, 30 real-valued

numbers, i.e., either real or imaginary parts of the sound

pressures measured by the 30 physical microphones, were

used to train each AINN. Similarly, for the results in Sec.

IV C, 10 real-valued numbers are used to train the AINN. In

the testing stage, the input to each AINN is the coordinates

of the VMs and the output is the predicted real or imaginary

parts of sound pressures at these positions at the correspond-

ing frequency. The condition of the testing stage matches

that of the training stage.

B. Results for 30 physical microphones

With the measured acoustic transfer functions, the per-

formance of the proposed CMA-VM method is compared

with that of the CMA and CCMA. In the first case, M1¼ 30

microphones along the outer ring with a radius of

R1¼ 0.12 m are used in the CMA; the corresponding beam-

pattern is shown in Fig. 5(a). It is seen that the beampattern

shows a mainlobe that narrows with increasing frequency,

which is consistent with the results in (Tiana-Roig et al.,
2010). In the meantime, the beamformer shows a significant

degradation in performance at several frequencies, i.e.,

1084, 1728, 2316, and 2490 Hz. These frequencies corre-

spond to the zeros of the Bessel functions that result in the

deep nulls in the DI and WNG, as shown by the black dotted

lines in Fig. 6. To remove these deep nulls, an additional

M2¼ 30 microphones are placed along the inner ring with a

radius of R2¼ 0.10 m to form a CCMA. The beampattern in

Fig. 5(b) for the CCMA shows that the irregularities in the

beampattern at those frequencies are eliminated; therefore,

the deep nulls in the DI and WNG are removed, as depicted

by the blue solid lines in Fig. 6. However, this improvement

in performance comes at the expense of double the number

FIG. 6. (Color online) Comparison of (a) the directivity index (DI) and (b)

the white noise gain (WNG) for the CMA (black dotted lines) with

R¼ 0.12 m and M¼ 30, the CCMA (blue solid lines) with R1¼ 0.12 m,

R2¼ 0.10 m, and M1¼M2¼ 30, and the CMA-VM (red dashed lines) with

R1¼ 0.12 m, ~R2 ¼ 0.10 m, and M1¼ ~M2 ¼ 30.

FIG. 7. (Color online) Comparison of

the beampatterns at (a) f¼ 1084 Hz,

(b) f¼ 1728 Hz, (c) f¼ 2316 Hz, and

(d) f¼ 2490 Hz for the CMA (black

dotted lines) with R¼ 0.12 m and

M¼ 30, the CCMA (blue solid lines)

with R1¼ 0.12 m, R2¼ 0.10 m, and

M1¼M2¼ 30, and the CMA-VM (red

dashed lines) with R1¼ 0.12 m,
~R2¼ 0.10 m, and M1¼ ~M2¼ 30.
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of physical microphones used in the CCMA, which is unde-

sired in practice due to the induced extra complexity and

cost.

To overcome this limitation, the physical microphones on

the inner ring are replaced by virtual microphones to form the

proposed CMA-VM. The sound pressures of the ~M2¼ 30 vir-

tual microphones on the inner ring with a radius of ~R2

¼ 0.10 m are predicted from the sound pressures measured by

the M1¼ 30 physical microphones on the outer ring with a

radius of R1¼ 0.12 m based on the proposed AINN in Sec. III.

The tilde on ~M2 and ~R2 denotes that these variables refer to

the virtual microphones instead of physical microphones. The

beampattern for the proposed CMA-VM is shown in Fig. 5(c),

which presents comparable performance to the CCMA, but

with only half the number of physical microphones. The deep

nulls in the DI and WNG are also eliminated, as evidenced by

the red dashed lines in Fig. 6.

The beampatterns for the CMA, CCMA and the pro-

posed CMA-VM methods at the first four null frequencies

(i.e., f¼ 1084, 1728, 2316, and 2490 Hz for a radius of

0.12 m) are compared in Fig. 7. It can be observed that, at

these null frequencies, the traditional CMA fails to perform

spatial filtering, whereas the CCMA conquers this problem

and shows a mainlobe that is generally over 10 dB higher

than the maximum sidelobe level. Meanwhile, the proposed

CMA-VM also overcomes the impediment and achieves a

similar performance to the CCMA, except at f¼ 1728 Hz in

Fig. 7(b), where the maximum sidelobe is approximately

�6.0 dB in comparison to �8.7 dB for the CCMA. This

might be due to some unknown measurement noise at this

frequency, to be further investigated in future experiments.

The above results demonstrate that, using a circular

array of 30 physical microphones, the proposed CMA-VM

method eliminates the deep nulls of the conventional CMA

with the same number and arrangement of microphones and

achieves a similar performance to the conventional CCMA

with 60 physical microphones uniformly placed along two

concentric circular rings.

C. Results for ten physical microphones

To further evaluate the performance of the proposed

method, M1¼ 10 physical microphones are used in the

CMA with a radius of R1¼ 0.12 m, whose beampattern is

shown in Fig. 8(a). It is seen that, in addition to the perfor-

mance degradation at the frequencies corresponding to the

zeros of the Bessel functions, spatial aliasing at higher fre-

quencies is apparent. For a uniform CMA, to avoid spatial

aliasing, the distance between microphones should be

smaller than half the wavelength; therefore, the cutoff fre-

quency is fmax ¼ c=ð4R1j sinðp=M1ÞjÞ ¼ 2292 Hz, consistent

with the beampattern in Fig. 8(a). Similarly, to remove the

deep nulls in the DI and WNG of the CMA (shown by the

black dotted curves in Fig. 9), an additional ring of M2¼ 10

physical microphones at a radius of R2¼ 0.10 m is added to

form the CCMA. The beampattern of the CCMA is pre-

sented in Fig. 8(b), which shows that, although the spatial

aliasing at the high frequency range still remains, the deep

nulls due to the zeros of the Bessel functions are eliminated,

as evidenced by the blue solid curves in Fig. 9.

In contrast, as shown by the beampattern in Fig. 8(c)

and the DI and WNG in Fig. 9 (red dashed lines), the pro-

posed CMA-VM, with M1¼ 10 physical microphones on

the outer ring with a radius of R2¼ 0.10 m and ~M2¼ 10 vir-

tual microphones on the inner ring with a radius of
~R2¼ 0.10 m, also mitigates the deep-nulls problem in the

CMA and restores the mainlobes at these frequencies,

although the sidelobes are slightly higher than those of the

FIG. 8. (Color online) Beampatterns for (a) the CMA with R1¼ 0.12 m and M1¼ 10, (b) the CCMA with R1¼ 0.12 m, R2¼ 0.10 m, and M1¼M2¼ 10, and

(c) the CMA-VM with R1¼ 0.12 m, ~R2¼ 0.10 m, and M1¼ ~M2¼ 10.

FIG. 9. (Color online) Comparison of (a) the directivity index (DI) and (b)

the white noise gain (WNG) for the CMA (black dotted lines) with R¼ 0.12

m and M¼ 10, the CCMA (blue solid lines) with R1¼ 0.12 m, R2¼ 0.10 m,

and M1¼M2¼ 10, and the CMA-VM (red dashed lines) with R1¼ 0.12 m,
~R2¼ 0.10 m, and M1¼ ~M2 ¼ 10.
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CCMA. This can also be observed in Fig. 10 for the beam-

patterns at the first 4 null frequencies, which shows the side-

lobes of the CMA-VM (red dashed lines) are slightly higher

than those of the CCMA (blue solid lines) but the mainlobes

are well reconstructed in comparison to the CMA (black

dotted lines). It is noted that the result of the CMA-VM at

the second null frequency ( f¼ 1728 Hz) is much worse than

that of the CCMA. As mentioned above, this may be attrib-

uted to some unknown measurement noise during the exper-

iment and will be further investigated in the future.

The above results demonstrate again that the proposed

CMA-VM method can effectively mitigate the deep nulls in

the DI and WNG in comparison to the CMA without the

need for additional physical microphones, which is an

advantage over the CCMA. However, it is noted that both

the CCMA and CMA-VM still suffer from significant spatial

aliasing at higher frequencies above 3 kHz and the CMA-

VM shows a performance drop in terms of DI and WNG in

the high frequency range. To further investigate whether the

proposed method can conquer the spatial aliasing effect by

increasing the number of virtual microphones, experiments

for three setups of the proposed CMA-VM method are car-

ried out. For the first setup (CMA-VM-I) in Fig. 11(a), there

are 10 physical microphones (black dots) on the outer ring

with a radius of 0.12 m and 30 virtual microphones (green

dots) on the inner ring with a radius of 0.10 m; for the sec-

ond setup (CMA-VM-II) in Fig. 11(b), there are 10 physical

and 20 virtual (30 in total) microphones on the outer ring

FIG. 10. (Color online) Comparison of

the beampatterns at (a) f¼ 1084 Hz,

(b) f¼ 1728 Hz, (c) f¼ 2316 Hz, and

(d) f¼ 2490 Hz for the CMA (black

dotted lines) with R1¼ 0.12 m and

M¼ 10, the CCMA (blue solid lines)

with R1¼ 0.12 m, R2¼ 0.10 m, and

M1¼M2¼ 10, and the CMA-VM (red

dashed lines) with R1¼ 0.12 m, ~R2

¼ 0.10 m, and M1¼ ~M2 ¼ 30.

FIG. 11. (Color online) Illustration of (a) CMA-VM-I with 10 physical microphones (black dots) on the outer ring with a radius of 0.12 m and 30 virtual

microphones (green dots) on the inner ring with a radius of 0.10 m, (b) CMA-VM-II with 10 physical and 20 virtual (30 in total) microphones on the outer

ring and 10 virtual microphones on the inner ring, and (c) CMA-VM-III with 10 physical and 20 virtual (30 in total) microphones on the outer ring and 30

virtual microphones on the inner ring.
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and 10 virtual microphones on the inner ring; for the third

setup (CMA-VM-III) in Fig. 11(c), there are 10 physical and

20 virtual (30 in total) microphones on the outer ring and 30

virtual microphones on the inner ring. It is noted that the

sound pressures at all the virtual microphones in Fig. 11 are

predicted from those measured by the physical microphones,

no matter whether the virtual microphones are on the outer

or inner rings. Therefore, for all three setups in Fig. 11, only

ten physical microphones are used, as in the CMA whose

beampattern is shown in Fig. 8(a).

The beampatterns for the three setups of the proposed

CMA-VM approach are compared in Fig. 12, which shows

the three setups to have similar beampatterns. In comparison

to the beampatterns in Fig. 8, using more virtual micro-

phones not only overcomes the deep-nulls problem in the

CMA, but also eliminates the spatial aliasing at high fre-

quencies. In addition, the mainlobes are narrower because

higher orders of circular modes can now be accommodated

due to the increasing number of (virtual) microphones. On

the other hand, by comparing the beampattern in Fig. 12(c),

where 10 physical microphones are used, with the beampat-

tern in Fig. 8(c), where 30 physical microphones are used, it

can be seen that using more physical microphones can fur-

ther improve the performance. This is reasonable because

when more physical microphones are used, the sound pres-

sures at the virtual microphones can be more accurately pre-

dicted by the AINN. Therefore, a trade-off between

performance and the number of physical microphones must

be balanced.

The DI and WNG for the three setups of the proposed

CMA-VM approach are compared in Fig. 13, which depicts

that the DI is almost the same for the three setups, but the

WNG increases with the number of (virtual) microphones.

This is consistent with the previous finding that the WNG is

proportional to the number of microphones used in the cir-

cular array (Huang et al., 2017a; Meyer, 2001). Both the DI

and WNG in Fig. 13 are much higher than those in Fig. 9,

showing a dramatic improvement in the beamformer perfor-

mance by the proposed CMA-VM in comparison to the tra-

ditional CMA and even CCMA using more physical

microphones. The above results fully prove that the pro-

posed CMA-VM approach based on the AINN is superior to

the CMA in terms of removing the deep nulls at frequencies

corresponding to the zeros of Bessel functions and suppress-

ing the spatial aliasing effect at high frequencies. It is worth

emphasizing that these improvements are achieved without

adding extra physical microphones.

It is noted that the above results did not consider the

impact of interfering noise on the performance of the AINN.

Our preliminary results that are not included here show that

noise from an interfering sound source does not have a sig-

nificant effect on the sound pressure prediction accuracy of

the AINN. On the other hand, the AINN’s performance is

slightly degraded by room reverberations, but the overall

performance is still acceptable, as shown in Ma et al.
(2024). The effects of various types of noises on the overall

performance of the AINN-based beamformer will be studied

in detail in the future work.

V. CONCLUSIONS

This paper proposed a circular microphone array with

virtual microphones to improve the performance of tradi-

tional circular microphone arrays at certain frequencies cor-

responding to the zeros of the Bessel functions, yet without

the need for more microphones to form a concentric circular

array. The sound pressures at the virtual microphones were

predicted from those measured by the physical microphones

based on the acoustics-informed neural network. Experiments

were carried out in a hemi-anechoic chamber to verify the

performance of the proposed approach. Experimental results

demonstrated that the proposed CMA-VM approach not

FIG. 12. (Color online) Comparison of the beampatterns for (a) CMA-VM-I, (b) CMA-VM-II, and (c) CMA-VM-III.

FIG. 13. (Color online) Comparison of (a) DI and (b) WNG for CMA-VM-

I, CMA-VM-II, and CMA-VM-III.
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only eliminates the deep nulls in the DI and the WNG, but

also suppresses the spatial aliasing effect, thereby signifi-

cantly improving the CMA’s performance without increas-

ing the number of microphones. Future work will

investigate the effects of wall reflections and room reverber-

ations on the performance of CMAs and the proposed

approach.
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