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ABSTRACT

Acoustic source separation has been an active and important area of
research in the field of acoustic signal processing. This paper deals
with this problem using small and compact differential microphone
arrays (DMAs) so that the resulting technology can be used in a
broad range of small devices in voice communication and human-
machine interfaces. A straightforward way to achieve source separa-
tion with DMAs is through differential beamforming. Although it has
frequency-invariant beampatterns and high directivity in comparison
with other existing beamforming methods with the same number of
sensors, differential beamforming with small DMAs has limited spa-
tial gain, generally leading to insufficient separation performance. To
circumvent this limitation, we propose in this work a method to com-
bine differential beamforming with an independent vector analysis
(IVA) based algorithm. Specifically, differential beamformers are de-
signed and applied to separate sound sources from different direction-
s. Then, differential beamformers’ outputs are used as inputs for the
independent low-rank matrix analysis (ILRMA) algorithm, a widely
used IVA method for blind source separation. The advantage of this
proposed method consists of at least three aspects: 1) improving the
source separation performance, 2) helping deal with the permutation
problem, and 3) helping improve the convergence of ILRMA.

Index Terms— Differential microphone arrays, beamforming,
source separation, independent low-rank matrix analysis.

1. INTRODUCTION

In many speech communication and human-machine interaction sys-
tems, it is important to separate different sound sources. One way to
achieve separation is through microphone array beamforming, which
extracts the signal of interest with a spatial filter [1–3]. Since most
smart devices can only use small-aperture microphone arrays, it is na-
ture to adopt DMAs and differential beamforming [4–7], which can
achieve higher directivity as compared to other beamforming meth-
ods with the same number of microphones. However, even with
differential beamforming, the separation performance with small-
aperture microphone arrays is insufficient for most applications.

Another way to achieve separation is through the so-called blind
source separation (BSS) technique [8–12]. Most widely used al-
gorithms for BSS are based on independent component analysis (I-
CA) [10, 13–15], which assumes that the source signals are statisti-
cally independent. The core issue of ICA based source separation is
to estimate a demixing system [10, 13], which is very challenging in
reverberant environments due to the inherent problems of permuta-
tion [16–22] and scale ambiguity with ICA. The independent vector
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analysis (IVA) was subsequently proposed to mitigate the permuta-
tion problem [20–22]. One of the widely used IVA algorithms is the
independent low-rank matrix analysis (ILRMA) [23–25], which was
shown better than the ICA based methods in dealing with permuta-
tion. However, permutation still exists with ILRMA. Another promi-
nent issue with ILRMA is that it suffers from slow convergence. Due
to the existence of permutation and scale ambiguity, source separa-
tion performance with ILRMA in reverberant environments is also
limited.

To improve the source separation performance, efforts were
made in the literature to combine ICA and adaptive beamforming
[26, 27]. But the existing work mainly focused on using geometric
and direction-of-arrival information [26–29]. In this paper, we pro-
pose a method that combines differential beamforming and the IL-
RMA method, which works with small-aperture microphone arrays.
The differential beamformer is designed with the Jacobi-Anger ex-
pansion method and is applied to the microphone observation signals.
The beamformers’ outputs are used as inputs to ILRMA. Simulations
demonstrated the good properties and superior performance of this
proposed method.

2. SIGNAL MODEL AND PROBLEM FORMULATION
We consider the signal model in room acoustic environments in which
a microphone array with M sensors captures signals from N sources
in some noise field. The observation signals are expressed as

ym (t) =

N∑
n=1

amn (t) ∗ sn (t) + vm (t) , (1)

for m = 1, 2, . . . ,M , where amn (t) denotes the acoustic impulse
response from the unknown speech source, sn (t), to the mth mi-
crophone, ∗ stands for linear convolution, and vm (t) is the additive
noise at microphone m. We assume that all the source signals and
noise are independent, zero mean, real, and reasonably broadband.

Transforming all the signals into the short-time Fourier transform
(STFT) domain, we can rewrite the signal model in (1) as [5]

Ym (ω, l) =

N∑
n=1

Amn(ω)Sn (ω, l) + Vm (ω, l) , (2)

where ω is the angular frequency, l is the time-frame index, and
Ym (ω, l), Amn (ω), Sn (ω, l), and Vm (ω, l) are the STFTs of
ym (t), amn (t), sn (t), and vm (t), respectively. In a vector form,
(2) can be arranged as

y (ω, l) = [Y1 (ω, l) Y2 (ω, l) · · · YM (ω, l)]T

= A (ω) s (ω, l) + v (ω, l) , (3)

where the superscript T denotes the transpose of a vector or a ma-
trix, A (ω) is the M ×N mixing matrix whose (m,n)th element is
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Amn (ω),

s (ω, l) = [S1 (ω, l) S2 (ω, l) · · · SN (ω, l)]T (4)

is the source vector of length N , and v (ω, l) is the noise vector of
length M defined in a similar way to y (ω, l).

The objective of source separation is to recover all the source
signal components in s (ω, l) from the mixture observation vector
y (ω, l).

3. ILRMA ALGORITHM

The ILRMA algorithm aims at estimating a demixing matrix [24]:

W (ω) = [w1 (ω) w2 (ω) · · · wN (ω)]H , (5)

so that an estimate of the source vector is obtained as

ŝ (ω, l) = W (ω)y (ω, l) , (6)

where the superscript H is the conjugate-transpose operator. The
paramount issue in ILRMA is how to find the demixing matrix
W (ω), which can be achieved through non-negative matrix factor-
ization (NMF) [22]. Let us assume an isotropic complex Gaussian
distribution of the nth separated source signal, i.e.,

p
(
Ŝn
)
=
∏
ω,l

1

πλn (ω, l)
exp

(
−|Ŝn (ω, l) |

2

λn (ω, l)

)
, (7)

where Ŝn is a matrix consisting of Ŝn (ω, l) from all the frequencies

and time frames, i.e.,
{
Ŝn
}
ω,l

= Ŝn (ω, l), and λn (ω, l) is the time-

frequency-varying source variance. Then, the negative log-likelihood
can be defined and used as the cost function to estimate the demixing
matrix, which is written as [24]

J
(
{W (ω)}Ω1 ,Λ

)
= −

∑
n

log p
(
Ŝn
)

− 2L
∑
ω

log | detW (ω) |, (8)

where Λ is a parameter set consisting of λn (ω, l) for all the n’s, ω’s,
and l’s.

The demixing matrix W (ω) is then estimated with an iterative
projection method as follows [22, 24]:

Un (ω) =
1

L

∑
l

1

λn (ω, l)
y (ω, l)yH (ω, l), (9)

wn (ω)← [W (ω)Un (ω, l)]
−1 en, (10)

wn (ω)← wn (ω)
[
wH
n (ω)Un (ω)wn (ω)

]− 1
2
, (11)

where en denotes a vector with its nth element being 1 and all the
others being 0. The separated source signals are then obtained as

Ŝn (ω, l) = wH
n (ω)y (ω, l) . (12)

In ILRMA, the time-frequency-varying variance λn (ω, l) is modeled
by the NMF as λn (ω, l) =

∑
k tn (ω, k) vn (k, l), with tn (ω, k) ≥

0 and vn (k, l) ≥ 0 being the NMF basis and activation variables,
respectively, and k = 1, 2, . . . ,K denotes the basis index. The NMF

variables tn (ω, k) and vn (k, l) are updated based on a convergence-
guaranteed majorization-minimization (MM) algorithm [24, 30]:

tn (ω, k)← tn (ω, k)

∑l
|Ŝn(ω,l)|2
λ2
n(ω,l)

vn (k, l)∑
l

1
λn(ω,l)

vn (k, l)


1
2

, (13)

vn (k, l)← vn (k, l)

∑ω
|Ŝn(ω,l)|2
λ2
n(ω,l)

tn (ω, k)∑
ω

1
λn(ω,l)

tn (ω, k)


1
2

, (14)

λn (ω, l)←
∑
k

tn (ω, k) vn (k, l). (15)

To avoid divergence during the optimization, some normalization
should be applied at each iteration [24]. The scalar of the separat-
ed sources can be determined based on the power of the observation
signals with the help of the back-projection (BP) method [17].

As most ICA based source separation methods, ILRMA suffers
from the permutation and convergence problems. Moreover, as will
be shown in Section 6, the separation performance of ILRMA with
small size microphone arrays is limited and is insufficient for most
applications. It is therefore indispensable to study how to further
improve the source separation performance.

4. SOURCE SEPARATION VIA DMAS
Assume that the incidence angle of the nth source signal to the array
is parameterized by the azimuthal angle θs,n, the objective of beam-
forming is to recover it with a spatial filter hn (ω) of length M [5]:

Zn (ω, l) = hHn (ω)y (ω, l) . (16)

Then, the beampattern is

B [hn (ω) , θ] = hHn (ω)d (ω, θ) , (17)

where d (ω, θ) is the steering vector of length M . In our study, we
consider a microphone array of generic planar geometry. The steering
vector can be written as [31]

d (ω, θ) =

[
e
ȷ
ωr1
c

cos (θ − ψ1) · · · e
ȷ
ωrM
c

cos (θ − ψM )
]T

,

(18)

where ȷ is the imaginary unit with ȷ2 = −1, rm (m = 1, 2, . . . ,M )
is the distance from the mth microphone to the origin point of the
coordinate system, c is the speed of sound in the air, and ψm is the
angular position of the mth array element. Generally, it is required
that the beampattern has a gain of 1 in the look direction and of less
than 1 in other directions so that the signal of interest from the look
direction passes through the beamformer without distortion while sig-
nals from other directions are suppressed.

It is well known that the differential beamformer’s directivity pat-
tern can be written as a frequency-independent cosine function of the
direction θ [4]. Specifically, the frequency-independent directivity
pattern of an Qth-order differential beamformer with its main beam
pointing in the direction θs,n can be written as [32]

BQ (θ − θs,n) =
Q∑

q=−Q

bQ,qe
ȷq(θ−θs,n), (19)

where bQ,q, q = 0,±1, . . . ,±Q are real coefficients determining the
shape of the directivity pattern [33]. The form of the target directivity
pattern in (19) consists of the steering information; therefore, we can
develop steerable differential beamformers with microphone arrays
of planar geometry [34].
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Then, the problem of differential beamforming becomes one of
designing an optimal beamforming filter, hn (ω), such that the re-
sulting beampattern is equal or is as close as possible to the desired
frequency-independent directivity pattern [35], i.e.,

B [hn (ω) , θ]→ BQ (θ − θs,n) , ∀ω. (20)

This can be achieved by the so-called Jacobi-Anger expansion of the
exponential function that appears in the beamformer’s beampattern.
Then, the differential beamforming filter is solved by maximizing the
WNG [32], whose solution is

hn (ω) = Υ∗ (θs,n)Ψ
H (ω)

[
Ψ (ω)ΨH (ω)

]−1

bQ, (21)

where the superscript ∗ is the complex-conjugate operator,

Ψ (ω) =



(−ȷ)−QψH−Q (ω)
...

ψH0 (ω)
...

(−ȷ)QψHQ (ω)


(22)

is a (2Q+ 1)×M matrix, with

ψq (ω) =
[
Jq
(ωr1
c

)
e−ȷqψ1 · · · Jq

(ωrM
c

)
e−ȷqψM

]T
(23)

being a vector of lengthM , Jq(·) being the qth-order Bessel function
of the first kind,

Υ (θs,n) = diag
[
eȷQθs,n , . . . , 1, . . . , e−ȷQθs,n

]
is a diagonal matrix, and bQ = [bQ,−Q · · · bQ,0 · · · bQ,Q]

T

is a vector consisting of the 2Q + 1 real coefficient determining the
target directivity pattern [32].

A differential beamformer can achieve source separation through
spatial filtering. But as ILRMA, the separation performance is gener-
ally not sufficient, particularly in reverberant environments.

5. SOURCE SEPARATION VIA DMAS/ILRMA
In this section, we investigate the potential of combining differential
beamforming and ILRMA to improve the source separation perfor-
mance. Briefly, we propose to use the differential beamformers’ out-
puts as the inputs of ILRMA. Then, the NMF variables tn (ω, k) and
vn (k, l) in (13) and (14) are updated as follows:

tn (ω, k)← tn (ω, k)

∑l
|Zn(ω,l)|2
λ2
n(ω,l)

vn (k, l)∑
l

1
λn(ω,l)

vn (k, l)


1
2

, (24)

vn (k, l)← vn (k, l)

∑ω
|Zn(ω,l)|2
λ2
n(ω,l)

tn (ω, k)∑
ω

1
λn(ω,l)

tn (ω, k)


1
2

, (25)

λn (ω, l) =
∑
k

tn (ω, k) vn (k, l). (26)

All the other steps of the algorithms are the same as the conventional
ILRMA. This combination provides the following benefits. First, d-
ifferential beamforming provides a robust and more accurate update
of the NMF variables tn (ω, k) and vn (k, l), which helps improve
both the source separation performance as well as the convergence
of ILRMA. Second, since the differential beamformers’ outputs con-
tain the a priori information about the source signals, the permutation
problem is naturally solved.
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Fig. 1. Layout of the simulation setup: (a) with a ULA and (b) with
a UCA.
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Fig. 2. SDR and SIR improvements for ILRMA, DMA, ILRMA-
DMA, and ILRMA-DS with the ULA in different reverberation con-
ditions.The two sources are located at 0◦ and 180◦, respectively.

6. EXPERIMENTS

6.1. Experimental Setup
In this section, we study the performance of the proposed source sep-
aration method (called ILRMA-DMA for simplicity) through simu-
lations. We consider two different microphone arrays: the first one is
a uniform linear array (ULA) consisting of eight omnidirectional mi-
crophones with an interelement spacing of 1.0 cm, and the second one
is a uniform circular array (UCA) consisting of eight omnidirectional
microphones with a radius of 1.5 cm. The layout of the simulation
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Fig. 3. SDR and SIR improvements for ILRMA, DMA, ILRMA-
DMA, and ILRMA-DS, with the UCA in different reverberation con-
ditions.The two sources are located 0◦ and 90◦, respectively.
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Fig. 4. SDR and SIR improvements for ILRMA, DMA, ILRMA-
DMA, and ILRMA-DS with the UCA in different reverberation con-
ditions.The two sources are located at 0◦ and 135◦, respectively.

setup is illustrated in Fig. 1. The size of the room is 5 m×4 m×3 m.
The microphone array is placed in the room so that its center is at

[2.5, 2, 1.5] m. Two loudspeakers are placed 1 meter away from the
center of the microphone array, which play back some pre-recorded
speech signals to simulate two sound sources. For ULA, the two loud-
speakers are placed at, respectively, 0◦ and 180◦. In the UCA situa-
tion, we consider two cases: 1) the two loudspeakers are placed at, re-
spectively, 0◦ and 90◦; and 2) the two loudspeakers are placed at, re-
spectively, 0◦ and 135◦. The speech signals played back from the two
loudspeakers are taken from the SiSEC2011 database [36]. To make
simulations repeatable, the acoustic channel impulse responses from
the loudspeakers to the eight microphones are generated with the im-
age model method [37]. Then, the microphone signals are generated
by convolving the source signal with the corresponding impulse re-
sponses. In our simulations, the reflection coefficients of the six walls
are assumed to be the same. They are set to 0.1, 0.3, 0.5, 0.6, 0.8 and
the corresponding reverberation times, T60, are approximately 0.06
s, 0.1 s, 0.12 s, 0.15 s, 0.3 s, respectively.

Differential beamformers may suffer from white noise amplifi-
cation. To avoid this, we used the minimum-norm method to design
the 1st-order cardioid, 2nd- and 3rd-order supercardioid for frequen-
cy bands below 500 Hz, 500 − 2000 Hz, and 2000 − 8000 Hz, re-
spectively, when ULA is used, and for frequency bands below 2500
Hz, 2500 − 4000 Hz and 4000 − 8000 Hz, respectively, when U-
CA is used. The source separation performance are evaluated with
the source-to-distortion ratio (SDR) and source-to-interference ratio
(SIR). The SDR and SIR are global performance measures, detailed
definition of which can be found in [38]. We implemented the perfor-
mance measures using the BSS EVAL MATLAB toolbox [39].

6.2. Results and Analysis
We first study the case with a ULA. For each reverberation condition,
the performance measures are averaged over 4 groups arbitrarily cho-
sen from the 10 trials in the database. For the purpose of comparison,
the performance of the conventional ILRMA, combination of ILRMA
and the delay-and-sum (DS) beamformer, and DMA is also present-
ed. Note that, in all the methods, the principal component analysis
is exploited to reduce mixtures’ dimensionality [24]. The SDR and
SIR improvement are plotted in Fig. 2. While almost all the stud-
ied methods improved both the SDR and SIR, the proposed ILRMA-
DMA yielded best performance. The improvement in SDR and SIR
reduces as the reverberation time increases. This is understandable
since as the reverberation time becomes larger, it is more difficult to
separate different sound signals. Nevertheless, as seen, the proposed
ILRMA-DMA yielded significant SDR and SIR improvement in all
the studied cases.

For UCA, we first study the case with one source propagating
from 0◦ while the other propagating from 90◦; the results are plot-
ted in Fig. 3. We then study the case with one source propagating
from 0◦ while the other from 135◦; the results are plotted in Fig. 4.
In both cases, the advantage of the ILRMA-DMA over the other s-
tudied methods is clearly seen. Note also from our simulations that
the ILRMA-DMA has better convergence where the ILRMA-DMA
converges within 50 iterations while the ILRMA needs more than 80
iterations to converge.

7. CONCLUSIONS
This paper dealt with the problem of blind acoustic source separation
in reverberant environments with small size microphone arrays. We
proposed a separation method that combines differential beamform-
ing with the ILRMA algorithm, in which the differential beamform-
ers’ outputs are used as the inputs of the ILRMA algorithm. Simula-
tions demonstrated that the proposed ILRMA-DMA method yielded
much better performance than either ILRMA or DMA. Moveover,
ILRMA-DMA converges faster than the ILRMA algorithm. An ad-
ditional advantage of the proposed method is that the permutation
problem is naturally solved as the differential beamformers’ outputs
contain the a priori direction information about the source signals.
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