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Summary
Spherical microphone arrays provide a new and promising tool for the spatial analysis of complex sound fields.
Considerable previous work has investigated the use of spherical microphone arrays for phase-mode beamform-
ing, which relies on the Bessel-weighted spherical harmonic transform of the sound field. In this paper, we
investigate the advantages that spherical microphone arrays provide for blind separation of convolutive mixtures
using independent component analysis. We demonstrate that applying a standard, linear independent component
analysis model in the phase-mode domain enables one to both localize the sources and resolve the permutation
problem that plagues most implementations of independent component analysis. As well, we show that the stan-
dard linear independent component analysis model can be incorporated into beamforming approaches for source
localization and source separation. Simulation results indicate that this approach works in realistic scenarios that
include room reverberation.

PACS no. 43.60.Fg, 43.60.Jn, 43.60.Vx

1. Introduction

Independent Component Analysis (ICA) is a statistical
method developed in the 1980’s [1] that separates com-
ponent signals in a mixture based on statistical indepen-
dence and non-Gaussianity. The principles of statistical in-
dependence and non-Gaussianity can be applied to both
linear, instantaneous mixtures and convolutive mixtures.
Within the ICA framework, there is generally the implicit
assumption that information regarding the geometric con-
figuration of the sensors is unavailable or not provided. On
the other hand, the geometric configuration of the sensors,
also referred to as the array steering vector or array man-
ifold vector (see [2]), provides the starting point for all
array and beamforming signal processing approaches.

In this paper, we explore the ICA statistical approach
in the context that the array manifold vector is explicitly
known and made available. In particular, we focus on the
problem of blind separation of convolutive mixtures using
a spherical microphone array (SMA). We should imme-
diately clarify that although the focus of our study is the
blind separation of convolutive mixtures, in this work, we
only ever apply the standard linear ICA model. Neverthe-
less, this simple approach combined with signal process-
ing in the phase-mode domain is still remarkably effec-
tive for convolutive mixtures. This is because the incom-
ing plane-wave signals are convolutively mixed in the mi-
crophone domain, but linearly and instantaneously mixed
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in the phase-mode domain. The phase-mode domain sig-
nals can be obtained using an appropriate microphone ar-
ray, such as a circular or spherical array. In the context of
sound field reproduction, the phase-mode domain is com-
monly referred to as the HOA domain.

The application of the standard linear ICA model in the
phase-mode domain was initiated by Liu [3], who refers
to the approach as blind adaptive beamforming. In con-
trast to Liu, we focus here and in our previous work [4]
on the fact that the standard linear ICA model offers more
than blind source separation, but also source localization.
More specifically, we demonstrate that the ICA approach
combined with knowledge of the array manifold vector al-
lows one to identify source locations and resolve the per-
mutation problem. Both the permutation problem and the
fact that the source location can remain unknown, despite
achieving source separation, are a peculiarity to the ICA
approach. In other words, with the standard linear ICA
model there are ambiguities or indeterminacies that nec-
essarily apply (see [1], page 154): the exact energy of the
independent components cannot be determined and the or-
der of the independent components cannot be established.
In this paper, we demonstrate that these ambiguities are
easily resolved when the array manifold vector is explic-
itly known.

The fact that these ambiguities can easily be addressed
when the array manifold vector is made explicit begs the
question whether statistical independence is already part
of the standard beamforming repertoire. While the beam-
forming literature certainly makes mention of higher or-
der statistics and statistical independence (e.g., see [5],
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section 9.8) subspace or eigenvector-based methods (the
MUSIC and ESPRIT algorithms fall into this category,
see [5], section 9.7 and also [2], section 9.3) and meth-
ods based on the spatial correlation matrix (see [5], sec-
tion 9.6) seem to dominate the beamforming literature. In
this paper, we show that the standard linear ICA model
provides a viable alternative to the standard beamforming
methods, with some interesting advantages.

In the first section, we briefly review the background
material. This is followed by section 2, which describes the
methods for implementing the standard linear ICA model
using SMAs. In sections 3, 4 and 5, we present the results
of increasingly realistic simulations: in section 3 and 4,
the simulations are based on impulse responses simulated
in an anechoic and moderately reverberant environment,
respectively; in section 5, the simulations are based on
impulse responses measured with an actual spherical mi-
crophone array in an office space. In the final section we
present the conclusions.

2. Background

2.1. Independent Component Analysis

Within the framework of the standard linear ICA model,
we assume that the Q microphone array signals consist of
an instantaneous linear mixture of N underlying source
signals, i.e. there exists a time-independent Q-by-N ma-
trix A such that

d(t) = A s(t), (1)

where d(t) and s(t) are the vectors of the Q microphone
signals and N source signals at time t, respectively,

d(t) =
�
d1(t), d2(t), . . . , dQ(t)

	T
,

s(t) =
�
s1(t), s2(t), . . . , sN (t)

	T
, (2)

where dq(t) and sn(t) denote the q-th microphone and n-th
source signals, respectively, and (·)T denotes the transpose
of a vector. The matrix A with elements aqn is referred to
as the mixing matrix. In the blind source separation (BSS)
problem, both the source signals and the mixing matrix are
unknown; thus it is clear that the problem requires an ad-
ditional constraint to obtain a solution, for otherwise the
identity matrix is the simplest solution for the mixing ma-
trix. The guiding principle of the ICA approach is to add
the constraint that the source signals are statistically inde-
pendent with a non-Gaussian distribution.

A difficulty with applying ICA to solve the BSS prob-
lem is that the resulting source signals are ordered and
normalized in an arbitrary way because both the mixing
matrix and the source signals are unknown, e.g., we have

d(t) =


a13/2 a11 a12 . . . a1N

a23/2 a21 a22 . . . a2N

a33/2 a31 a32 . . . a3N
...

...
...

. . .
...

aQ3/2 aQ1 aQ2 . . . aQN




2s3(t)
s1(t)
s2(t)

...
sN (t)

 . (3)

This issue is referred to as the permutation problem and
causes difficulty when trying to join signals that have been
processed using short and overlapping time frames.

2.2. Bessel-weighted spherical harmonic transform
of a sound field

In the following we define the spherical coordinates
(r, ϑ, ϕ) (radius, elevation angle and azimuth angle, re-
spectively) of a point in space as

r =
�

x2 + y2 + z2, ϑ = acos

z

r

�
,

ϕ = atan2

y

x

�
, (4)

where (x, y, z) denote the cartesian coordinates and atan2
denotes the arctangent function that takes into account the
correct quadrant of (x, y).

In the frequency domain, the Bessel-weighted spherical
harmonic expansion of a sound field consisting of incident
sound waves is given by [6]

p (r, ϑ, ϕ, f ) =
∞�
l=0

l�
m=−l

il jl(kr) Y m
l (ϑ, ϕ) blm(f ), (5)

where p (r, ϑ, ϕ, f ) is the acoustic pressure corresponding
to the frequency f and at the point with spherical coordi-
nates (r, ϑ, ϕ), k is the wave number given by k = 2πf/c
where c denotes the speed of sound, i is the imaginary unit,
jl is the spherical Bessel function of degree l, Y m

l is the
spherical harmonic function of order l and degree m and
blm(f ) is the spherical harmonic expansion coefficient for
order l, degree m.

The order-L expansion of the sound field is obtained
by truncating the series to order L. It provides a good ap-
proximation of the sound field within a sphere of radius r̂
centered on the origin (see [7, equation 44]),

p (r ≤ r̂, ϑ, ϕ, f ) ≈
L�
l=0

l�
m=−l

il jl(kr) Y m
l (ϑ, ϕ)blm(f )

with r̂ =
2L
ek

, (6)

where e is the mathematical constant known as Euler’s
number.

The above equation shows that a sound field can be rep-
resented by a set of coefficients blm(f ) with l ≤ L. In the
time domain, it is a vector of time signals, b(t),

b(t) =
�
b00(t), b1−1(t), b10(t), . . . bLL(t)

	T
, (7)

where the signals blm(t) are the inverse Fourier transforms
of the frequency-domain coefficients blm(f ). For the sake
of brevity and as is common in the sound field application
area, we will refer to the Bessel-weighted spherical har-
monic expansion as the Higher-Order Ambisonic (HOA)
expansion [8]. We will also refer to the signals blm(t) as
HOA signals that exist in the HOA domain.
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2.3. Plane-wave sound fields

In the case where the sound field consists of a plane wave
incoming from the angular direction (ϑn, ϕn), b(t) is given
by

b(t) = ynsn(t), (8)

where sn(t) is the plane-wave source signal and yn is the
vector of the spherical harmonic function values for direc-
tion (ϑn, ϕn), i.e.

yn =
�
Y 0

0 (ϑn, ϕn), Y −1
1 (ϑn, ϕn), Y 0

1 (ϑn, ϕn),

Y 1
1 (ϑn, ϕn), . . . , Y L

L (ϑn, ϕn)
	T

. (9)

In the case where the sound field consists of N plane
waves, the resulting order-L HOA signals are given by

b(t) = Ys(t), (10)

where s(t) is defined in equation (2) and Y is given by

Y =
�
y1, y2, . . . yN

	
. (11)

Therefore, the HOA signals form a linear, instantaneous
mixture of the plane-wave signals (as expressed in equa-
tion (1)) and Y is the corresponding mixing matrix.

2.4. Spherical wave sound fields

In practice, a sound field rarely consists of only a sum of
plane waves. In a typical sound field recording scenario,
such as a music concert or a meeting, sound sources are
more appropriately described as spherical sources. Spheri-
cal sources differ from plane wave sources in the way they
contribute to the HOA expansion of the sound field. In par-
ticular, there is a dependence on frequency. In the case of
a unique spherical source at coordinates (rn, ϑn, ϕn), the
corresponding frequency-domain HOA expansion is given
by

b(f ) = sn(f ) W(krn) yn, (12)

where W (krn) is a diagonal matrix whose coefficients
along the diagonal are the modal coefficients for source
n. The elements of W (krn) are given by [9]

wl(krn) = i−l hl(krn)
h0(krn)

, (13)

where hl is the degree-l spherical Hankel function of the
first kind. Figure 1 illustrates the amplitude and phase of
these modal coefficients as a function of kr.

In contrast with the plane-wave case, the mixing ma-
trix for the source signals changes with frequency. Thus,
the time-domain HOA signals are no longer instantaneous
mixtures of the source signal. Instead, they are obtained by
convolving the source signals with filters corresponding to
their modal coefficients,

blm(t) =
N�
n=1

Y m
l (ϑn, ϕn) wln(t) ∗ sn(t), (14)
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Figure 1. Amplitude (top) and phase (bottom) of the modal co-
efficients wl(kr) for a spherical source, as a function of kr and
for orders 0 to 4.

where ∗ denotes the time-convolution operation and wln(t)
is the filter whose impulse response is the inverse Fourier
transform of the modal coefficient wl(krn).

The modal coefficients asymptotically converge to 1 as
kr increases, with the speed of this convergence depend-
ing on the order l: the lower the order, the quicker the con-
vergence. In order to observe this convergence more pre-
cisely, we define the convergence error, �l(kr),

�l(kr) =
��wl(kr) − 1

��. (15)

Figure 2 shows the value of �l(kr) as a function of the or-
der and kr value. At order 1, the convergence error is less
than 10% when kr ≥ 10 which indicates that, above this
kr value, the order-1 HOA representation of a spherical
source is very similar to that of a plane-wave. At order 4,
the convergence error is less than 10% when kr ≥ 100,
which indicates that the source distance or frequency must
be 10 times larger as compared to the order-1 case.

Therefore, for a given order, and depending on the fre-
quency content of the source signals and on the source
distances, it may still be possible to approximate the con-
tribution of some spherical sources to that of plane wave
sources located in the same directions. For instance, for
speech signals, talkers located five meters away will be
practically indistinguishable from plane-wave sources up
to order 2.
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Figure 2. Magnitude of the difference between the modal coeffi-
cients wl(kr) and the value 1, as a function of kr and for orders
1 to 4.
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Figure 3. Signal-to-noise ratio of the HOA signals at order 0, 1
and 2 when recording with the microphone array described in
section 4 (the exterior radius of which is 15 cm) in the presence
of a −40 dB RMS measurement noise.

2.5. Spherical Microphone Arrays

A distinguishing property of spherical microphone arrays
is that they easily allow the determination of the HOA sig-
nals corresponding to the recorded sound field. In other
words, there is a transformation between the microphone
array signal domain and the HOA domain,

d(f ) = Ω(f )b(f ),

b(f ) = pinv
�
Ω(f )

�
d(f ), (16)

where Ω(f ) is the transfer matrix between the HOA com-
ponents of the sound field and the microphone signals at
frequency f , and pinv[·] is the Moore-Penrose pseudo-
inverse matrix operator. In practice, the transformation is
implemented in the time domain using a set of filters, re-
ferred to as HOA encoding filters. For further details re-
garding the transformation between the microphone ar-
ray signal domain and the HOA domain, please refer to
[10, 11].

HOA
encoding

Band-pass
filtering

ICA

Direction
analysis

Recording

ResultDirection
basis

mic.
signals

HOA
signals

filtered HOA
signals

mixing
matrix

separated
signals

Y matrix
source
directions^

Figure 4. Flow diagram for the Blind Source Separation methods
described in section 3. The microphone signals are first trans-
formed to the HOA domain, then the HOA signals are band-pass
filtered and finally ICA is done on the band-pass filtered HOA
signals.

Measurement noise and spatial-aliasing limit the oper-
ational bandwidth of SMAs [12]. For a given SMA, the
Signal-to-Noise Ratio (SNR) of the HOA signals depends
strongly on both the frequency and the order of the HOA
expansion. Figure 3 illustrates the Signal-to-Noise Ratio
(SNR) of the HOA signals for a typical spherical micro-
phone array in the case of a −40 dB RMS measurement
noise (note that this array is more precisely described in
section 4). Clearly, the order-2 HOA signals are accurately
acquired only in the 250 to 3500 Hz frequency range. At
low frequencies, the SNR is low due to the presence of
measurement noise; at high frequencies, spatial aliasing
pollutes the different HOA signals with information be-
longing to higher order spherical harmonics.

3. Implementation of the Linear ICA
Model in the HOA domain

Referring to equation (10), we see that under the assump-
tion that the sound field consists of a sum of N plane
waves, the order-L HOA signals form an instantaneous
mixture of the source signals and their reflections. Thus,
we propose to first transform the microphone signals to
the HOA domain to obtain the order-L HOA signals of the
sound scene and then apply the standard linear ICA model
to these signals. In the case where N is less than the num-
ber of harmonics, ICA should be able to un-mix the source
signals. As well, we show below that the structure of the
mixing matrix provides a means to localize the sources and
resolve the ICA permutation problem.
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In order to circumvent issues associated with spherical
sources and the bandwidth limitations of SMAs, we pro-
pose to band-pass filter the HOA signals prior to running
the ICA, as illustrated in the flow diagram in Figure 4. The
band-pass filters should be designed primarily to accom-
modate the bandwidth of operation of the SMA. However,
depending on the order and the expected source distances
relative to their frequency content, the lower cut-off fre-
quency of the filters can be increased.

The output of the ICA consists of a set of separated sig-
nals and the corresponding time-independent mixing and
un-mixing matrices Â and Û, such that

b̂(t) = Â ŝ(t),
ŝ(t) = Û b̂(t), (17)

where b̂(t) denotes the vector of the band-pass filtered
HOA signals and ŝ(t) denotes the vector of band-pass fil-
tered separated signals, defined similarly to b(t) and s(t),
respectively. Assuming that ICA separated the source sig-
nals perfectly and referring to equation (10), the output
signals are proportional to the actual source signals. Thus,
each column of Â is proportional to a column of matrix Y,

Â = Y G P, (18)

where P is a permutation matrix and G is a diagonal matrix
whose non-zero coefficients are the proportionality con-
stants between the actual source signals and the extracted
ones. The source directions can then be estimated by com-
paring the columns of Â with a dictionary of V plane-wave
direction vectors, Ŷ, given by

Ŷ =
�
ŷ1, ŷ2, . . . ŷV

	
, (19)

where ŷv denotes the direction vector corresponding to the
v-th plane-wave and is given by

ŷv =
�
Y 0

0 (ϑv, ϕv), Y −1
1 (ϑv, ϕv),

Y 0
1 (ϑv, ϕv), . . . , Y L

L (ϑv, ϕv)
	T

. (20)

The correlation, Ψnv , between the n-th column of the mix-
ing matrix and the v-th column of Ŷ is given by

Ψnv =
âT
n ŷv

�ân� �ŷv�
, (21)

where ân denotes the n-th column of Â. The estimated n-th
source direction, (ϑ̂n, ϕ̂n), is then chosen as the dictionary
direction for which the correlation is maximum, i.e.�

ϑ̂n, ϕ̂n

�
= (ϑv� , ϕv� )

where Ψnv� = max
�
Ψn1, Ψn2, . . . , ΨnV

�
. (22)

Determining the source directions solves the permuta-
tion problem because the different sources can be ordered
based on their directions and tracked over time. Further-
more, the value of Ψnv� can be used to determine whether
or not the n-th extracted signal corresponds to an actual
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HOA
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filtered HOA
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mixing
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separated
signals

Y matrix^

unmixing
matrix

Unmixing

HOA
signals

source
directions

ICA

Figure 5. Flow diagram for the BSS methods described in sec-
tion 3.1. The un-mixing matrix provided by the ICA is applied
on the wide-band HOA signals.

source. Real sources should show a large correlation with
at least one direction in space, provided the dictionary
is dense enough. Therefore, signals whose correspond-
ing spatial correlation values are below a certain threshold
(typically 0.95) can be considered as residuals of the ICA
and discarded.

3.1. Extending the bandwidth of the separated sig-
nals

A simple way of obtaining wide-band separated signals
is to apply the un-mixing matrix resulting from the band-
limited ICA to the full-band HOA signals b(t),

s̃(t) = Û b(t), (23)

where s̃(t) denotes the vector of full-band separated sig-
nals and is defined similarly to s(t). The flow diagram of
this second method is illustrated in Figure 5.

Of course, this approach will not separate the source sig-
nals effectively at the low and high frequencies, for which
equation (10) does not hold due to the spherical nature
of the source signals and due to the presence of noise in
the HOA signals. Nevertheless, the perceived quality of
the output signals may improve because of the extended
bandwidth.

3.2. Source separation in the microphone signal do-
main

We now propose to extract the source signals directly from
the microphone signals, as illustrated in Figure 6. In this
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Figure 6. Flow diagram for the BSS methods described in sec-
tion 3.2. The sound source directions found via ICA are used to
generate a set of inverse filters, then these filters are used to sep-
arate the microphone signals directly.

third method the result of the ICA performed on the band-
pass filtered signals is used only for localizing the sources.
These locations are then used to calculate a set of separat-
ing FIR filters. These filters are calculated in the frequency
domain, using the following formula:

Ξ(f ) = pinv
�
Γ(f )

�
, (24)

where Ξ(f ) is the matrix of the inverse filter frequency re-
sponses at frequency f , Γ(f ) denotes the transformation
matrix for the given frequency between each microphone
and each of the determined plane-wave source direc-
tions, and pinv (·) here denotes the Tikhonov-regularised
pseudo-inversion [13], i.e.

Ξ(f ) =
�
ΓH (f )Γ(f ) + β IN×N

�−1
ΓH (f ), (25)

where (·)H denotes the conjugate transpose, β is the regu-
larization coefficient and IN×N denotes the identity matrix
of dimensions N × N . In the case where the microphone
array consists of omnidirectional microphones distributed
around a rigid sphere with radius R, the elements of Γ (f )
are given by (see [14], equations 1 and 2)

γpn(f ) =
Λ�
l=0

�
il
�
jl(krp) −

j�l(kR)

h
(2)�

l (kR)
h

(2)
l (krp)

�
·

l�
m=−l

Y m
l (ϑp, ϕp)Y m

l (ϑn, ϕn)

�
, (26)

where γpn (f ) denotes the transfer function between the
plane-wave source incoming from the direction (ϑn, ϕn)
and the microphone with spherical coordinates

�
rp, ϑp, ϕp

�
at frequency f , j�l denotes the derivative of the spheri-
cal Bessel function of degree l and h

(2)
l and h

(2)�

l denote
the degree-l spherical Hankel function of the second kind
and its derivative, respectively. In equation (26), the max-
imum order Λ must be chosen sufficiently large for the
sum to converge. The order required for convergence de-
pends mostly on the size of the microphone array and on
the maximum frequency at which the transfer functions are
to be calculated: the greater kr, the greater Λ.

Once the transfer functions have been calculated, the in-
verse Fourier transform is used to obtain a matrix of time-
domain FIR filters, Ξ(t). Finally, the separated signals are
calculated by convolving the vector of microphone signals
with the matrix of FIR filters,

s̆(t) = Ξ(t) d(t), (27)

where s̆(t) denotes the vector of the inverse-filter separated
signals, defined similarly to s(t), and denotes the con-
volution of a vector of signals by a matrix of filters, i.e.:

s̆n(t) =
Q�

q=1

Ξnq(t) ∗ dq(t), (28)

where Ξnq(t) is the inverse filter corresponding to the n-th
source and the q-th microphone. In the following, we refer
to this method as the “inverse filtering” method.

4. Anechoic simulation

4.1. Simulation setup

In the simulation, eight talkers are located at a distance
of two meters around the microphone array. The differ-
ent angular positions of the talkers are listed in Table I.
Each talker is modeled as an omnidirectional spherical
source. The talker signals are male or female speech sig-
nals recorded in free field conditions.

The microphone array has been designed to provide
high quality 3D, order 2, HOA signals from about 300 to
3500 Hz, which approximately corresponds to the narrow-
band frequency range of a telephone. Its design is similar
to that presented in [15]. It consists of two concentric ar-
rays of 12 omnidirectional microphones. There are 12 mi-
crophones located on the surface of a rigid sphere with a
radius of 3 cm; the other 12 microphones are located on
the surface of an open sphere with a radius of 15 cm. For
both arrays, the angular positions of the microphones cor-
respond to the corners of an icosahedron. The HOA encod-
ing filters are of length 512 and are calculated to maximize
the SNR of the HOA signals for every frequency value.
The resulting SNR is presented in Figure 3.

As we focus on the separation of speech sources, a sam-
pling frequency of 16 kHz is used to reduce the computa-
tional complexity of the simulation. The sound wave prop-
agation between the sources and the sensors is modeled
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using an order-31 HOA expansion, which simulates the
diffractive effect of the rigid sphere accurately up to the
Nyquist frequency, 8 kHz. The transfer functions between
the spherical sources and the microphone array sensors are
calculated in the frequency domain using

τpn(f ) =
31�
l=0

�
il
�
jl(krp) −

j�l(kR)

h
(2)�

l (kR)
h

(2)
l (krp)

�
(29)

· wl(krn)
l�

m=−l

Y m
l (ϑp, ϕp)Y m

l (ϑn, ϕn)

�
,

where τpn (f ) denotes the transfer function between the
spherical source with spherical coordinates (rn, ϑn, ϕn) and
the microphone with spherical coordinates (rp, ϑp, ϕp) at
frequency f and wl(krn) is defined in equation (13). Note
that this equation is the same as in the case of a plane-
wave source (see equation (26)) except that the spherical
harmonic function values corresponding to the source di-
rection are weighted by the coefficients wl(krn).

In addition, the effect of measurement noise is modeled
by adding a −40 dB RMS uncorrelated white noise to the
microphone signals. The microphone signals are then fil-
tered using the HOA encoding filters described previously.
The resulting HOA signals are band-pass filtered so that
only the 500 to 3500 Hz frequency range is used for the
analysis. The standard linear ICA model is then applied
to the narrow-band HOA signals using FastICA [16], an
Independent Component Analysis package for the MAT-
LAB environment. The FastICA algorithm is called within
MATLAB using the following options: approach: ’symm’ ;
stabilization: ’on’ ; nonlinearity: ’tanh’. Finally, the source
directions are determined using a plane-wave dictionary
consisting of directions that are regularly distributed in an-
gle with a constant step of 1◦ for both the azimuth and
elevation angles.

For the purposes of comparison, we also apply a stan-
dard narrow-band MUSIC analysis as described in section
9.7.1 of [5] to the band-pass filtered HOA signals. The re-
sults of the MUSIC analysis are accumulated across the
overlapping time frames that comprise the entire signal.

4.2. Simulation results

Table I compares the results of the source localization
analysis performed on the mixing matrix, as described in
section 3, with a standard narrow-band MUSIC analysis.
The resulting error for the source directions using the lin-
ear ICA model is of the order of 1◦, which is on the order
of the accuracy of the direction vector dictionary that was
used. The output of the ICA contains 9 signals, which cor-
responds to the number of input HOA signals. However, it
was easy to eliminate one of them based on the low cor-
relation score between the corresponding mixing matrix
column and all of the direction basis vectors. Compared
with the MUSIC source localization algorithm, the linear
ICA model is more accurate and does not miss any source
directions.

Table I. The true and estimated source directions for the eight
simultaneous talkers are shown for the anechoic simulation. If
there was no estimated direction corresponding to one of the true
target directions, then a ’·’ placeholder is used.

(ϑ, ϕ) (ϑ, ϕ) (ϑ, ϕ)
Talker True ICA MUSIC

1 (90, 0) (91, 0) (94, 13)
2 (100,−30) (99,−30) (112,−43)
3 (90, 40) (89, 40) ·
4 (90,−70) (91,−70) (90,−75)
5 (80, 60) (81, 59) (93, 65)
6 (90,−90) (90,−90) ·
7 (110, 90) (110, 89) (150, 126)
8 (120,−140) (120,−141) (119,−138)

Table II. PESQ scores for talkers 1 to 8 and average PESQ score
obtained in the anechoic simulation with, from top to bottom:
an order-2 spherical beamformer steered in the talker directions;
the proposed narrow-band ICA method; the proposed wide-band
ICA method; the proposed inverse filtering method.

Talker
Method 1 2 3 4 5 6 7 8 avg.

Beam. 1.5 1.1 1.5 1.7 1.7 1.1 1.6 1.8 1.5
ICA 1 2.2 2.1 2.0 1.9 2.2 1.9 2.5 2.3 2.1
ICA 2 2.2 2.0 2.1 2.0 2.5 1.8 2.9 3.0 2.3
ICA 3 2.3 2.5 2.4 2.5 2.8 2.2 2.9 3.0 2.6

In order to evaluate the quality of the source separa-
tion, the PESQ (Perceptual Evaluation of Speech Quality)
scores [17] have been calculated for the output signals of
the three proposed ICA methods for every talker. The cal-
culation was performed using the MATLAB PESQ pack-
age included in [18]. The results are presented in Table II
and are compared with the PESQ scores obtained when
using an order-2 spherical beamformer [19] steered in the
actual talker directions. Note that, in the BSS paradigm,
the true talker directions would not actually be available
and would thus have to be estimated. The ICA methods
demonstrate a much larger PESQ score than the beam-
former, suggesting that the sources are better separated.
On the other hand, the scores obtained by the ICA meth-
ods are low in absolute terms, which is partly caused by
the high level of noise in the signals. This noise results
from the HOA encoding of noisy microphone signals.

Figures 7, 8 and 9 illustrate the differences in the qual-
ity of the output signals obtained with the ICA methods,
as compared with the output of the spherical beamformer.
Figure 7 shows the spectrogram of the original signal cor-
responding to the source located in direction (100◦,−30◦).
This spectrogram can be compared to the spectrograms
of the corresponding outputs obtained with the spherical
beamformer, shown in Figure 8, and the three proposed
ICA-based methods, shown in Figure 9. Despite the signif-
icant amount of noise, the output of the narrow-band ICA
method is clearly less polluted by the other talkers than
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Figure 7. Spectrogram of the signal corresponding to the source
located in direction (100◦,−30◦).
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Figure 8. Spectrogram of the output of a second-order spherical
beamformer steered to the direction (100◦,−30◦).

the spherical beamformer output. On the other hand, due
to band-pass filtering, it has no energy apart from the 500
to 3500 Hz frequency band. The wide-band ICA method
provides good source separation in the frequency band 350
to 4000 Hz. However, there is a large amount of noise be-
cause the signal has been obtained by un-mixing noisy
HOA signals. Nonetheless, the output still seems cleaner
than that of the spherical beamformer. Finally, the output
of the inverse filtering method is clearly the most similar
to the original source signal, with a relatively low noise
level compared to the outputs of the other methods. The
source signal seems accurately separated from the others
across the entire frequency range, except below 350 Hz
where the microphone array is too small for the signals to
be effectively unmixed.

5. Reverberant simulation

Microphone arrays are typically used in rooms, where
sound reverberation occurs. The reflections of sound on
the walls can be roughly modeled as the presence of im-
age sources outside the room. This causes a problem as the
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Figure 9. Spectrograms of the outputs of the three proposed
methods, corresponding to the source located in direction
(100◦,−30◦). From top to bottom: (a) narrow-band ICA method;
(b) full-band ICA method; (c) inverse filtering method.

standard linear ICA model cannot separate more sources
than there are channels in the analyzed mixture. Depend-
ing on the scenario, the amount of reverberation can be
moderate (typical office room) to extreme (concert hall or
cathedral). The proposed method may be ineffective if the
direct sound sources are not “dominant” enough relative to
the reflected waves, which is the case in highly reverber-
ant environments. In order to assess the influence of rever-
beration on the performance of the proposed methods, we
simulated a sound scene in a reverberant environment.

5.1. Simulation setup

The setup for the reverberant simulation is similar to that
of the free-field simulation: five talkers are located at a
distance of two meters around the microphone array. The
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Table III. The absorption coefficients for the room modeled in the
reverberant simulation are shown.

Frequency (Hz)
Walls 125 250 500 1000 2000 4000

Side Walls 0.2 0.3 0.3 0.45 0.5 0.6
Floor 0.4 0.5 0.5 0.45 0.65 0.8

Ceiling 0.3 0.4 0.3 0.45 0.6 0.7

Table IV. The true and estimated source directions for the five
simultaneous talkers are shown for the reverberant simulation.
Other details as in Table I.

(ϑ, ϕ) (ϑ, ϕ) (ϑ, ϕ)
Talker True ICA MUSIC

1 (90, 0) (90, 0) (91, 0)
2 (100,−30) (97,−30) (92,−28)
3 (90,−70) (88,−75) ·
4 (80, 60) (80, 58) (82, 57)
5 (90, 120) (91, 122) (90, 121)

Table V. The PESQ scores for talkers 1 to 5 and the average
PESQ score obtained in the reverberant simulation are shown.
Other details are as described in Table II.

Talker
Method 1 2 3 4 5 avg.

Beam. 1.7 1.1 2.1 2.0 1.9 1.8
ICA 1 1.8 1.5 1.9 2.0 2.2 1.9
ICA 2 1.7 1.0 2.2 2.1 2.2 1.9
ICA 3 2.0 1.1 2.1 2.3 2.1 1.9

different angular positions of the talkers are shown in Ta-
ble IV. The microphone array has the same configuration
as previously.

In contrast with the free-field simulation, the talkers and
microphone array are now located in a moderately rever-
berant room. The reverberant impulse responses between
the sources and the microphone array sensors have been
calculated using MCROOMSIM [20, 21], a room simu-
lation package for the MATLAB environment. The room
characteristics are those of a common office room, with di-
mensions 14×10×3 m. The absorption coefficients for the
walls are listed in Table III. The T30 reverberation time of
the room is approximately 450 ms.

5.2. Simulation results

Table IV shows the results of the source localization anal-
ysis performed on the mixing matrix obtained in the re-
verberant condition. The resulting error for the source di-
rections is slightly higher compared to the free-field con-
dition, and on the order of 3◦. The results are again ar-
guably better than those obtained using the MUSIC analy-
sis, which fails to identify one of the source directions. As
was the case in the anechoic simulation, the output of the
ICA contains 9 signals, which corresponds to the number

of input HOA signals. Four of them have been identified as
residual signals because they mostly contained a mixture
of reverberated sounds.

We calculated the PESQ scores of the separated sig-
nals obtained via the three proposed methods and com-
pared them to the scores obtained using an order-2 spheri-
cal beamformer steered in the identified source directions.
The results are given in Table V. The PESQ scores ob-
tained with the different methods are not sufficiently dif-
ferent to allow any conclusions to be made on the per-
formances of the various techniques. However we believe
perceptual tests are warranted as the perceptual quality of
the sounds seems to vary for the different methods.

6. Simulation based on measured impulse
responses

In the two previous sections, we presented the results of
simulations based on simulated microphone impulse re-
sponses. Although some random noise was added to the
microphone signals, the model used for the microphone
array was not as realistic as possible because some sources
of error in the HOA encoding of the sound field were ne-
glected. Among the assumptions made, the sensors were
assumed to be located at their ideal positions, which is
never the case in practice. In addition, gain and phase mis-
matches between the sensors were not taken into account.
In order to evaluate the performance of the proposed al-
gorithms in real-world conditions, we simulated a sound
scene using measured microphone impulse responses.

6.1. Simulation setup

The simulation is similar to the ones presented in the sec-
tions above, except that the impulse responses from the
talkers to the microphone array sensors were measured
with an actual microphone array [15, 10]. A picture of
the measurement setup is shown in Figure 10. The micro-
phone array consists of 64 microphones distributed on the
surface of two concentric spheres: 32 microphones are lo-
cated on a rigid sphere of radius 16.3 mm, and the 32 oth-
ers are located on an open sphere of radius 60 mm. The im-
pulse responses were measured using a Tannoy V6 loud-
speaker that was moved to different locations in a room.
Note that the loudspeaker was positioned using a tape mea-
sure and simple geometry principles, which resulted in a
placement accuracy on the order of a few centimeters. The
room was an office space with approximate dimensions
14×8×3 m and its average reverberation time (T30) was
approximately 0.5 s.

In the simulation scenario, five simultaneous talkers are
present around the microphone array. The microphone sig-
nals were calculated using the impulse responses mea-
sured with the loudspeaker located in the directions indi-
cated in Table VI. The distance between the loudspeaker
and the center of the microphone array was approximately
1.80 m. A −40 dB RMS uncorrelated white noise was
added to the microphone signals in order to simulate the
presence of background noise.
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Figure 10. A photo is shown of the dual-radius spherical micro-
phone array being measured in an office at the University of Syd-
ney.

Compared to the microphone array used in the previ-
ous simulations, this SMA has many more microphones.
Therefore, it can be used to record the HOA signals up to
the fourth order. However, as the overall size of this SMA
is smaller than the SMA used for the previous simulations,
the SNR of the HOA signals is rather poor at low frequen-
cies. In order to circumvent this issue, as well as to make
this simulation more comparable with the ones presented
in the previous sections, the microphone signals were en-
coded to HOA signals only up to order 2. In addition, due
to the size of the SMA, the HOA signals were high-pass
filtered with a cutoff frequency of 750 Hz prior to running
the ICA. On the other hand, no low-pass filtering was re-
quired as the microphone array’s spatial aliasing frequency
is approximately 16 kHz, which is twice the Nyquist fre-
quency in this simulation.

6.2. Simulation results

Table VI shows the talker directions estimated from the
output of the linear ICA model. The five talkers were local-
ized within approximately 5 degrees on average, which is
clearly less precise than what was obtained in the previous
simulations. This can be explained by the poorer quality
of the HOA signals obtained with the actual microphone
array, due to mismatches between the sensors and errors
in the modeling of the SMA. In addition, the HOA signals
were high-pass filtered with a cutoff frequency of 750 Hz

Table VI. The true and estimated source directions for the five
simultaneous talkers are shown for the simulation based on the
measured impulse responses. Other details are as in Table I.

(ϑ, ϕ) (ϑ, ϕ) (ϑ, ϕ)
Talker True ICA MUSIC

1 (90, 45) (87, 48) (84, 56)
2 (90,−45) (88,−43) ·
3 (90, 90) (90, 97) (82, 94)
4 (90,−90) (88,−93) (85,−95)
5 (90, 180) (88, 180) ·

Table VII. The PESQ scores for talkers 1 to 5 and the average
PESQ score obtained in the simulation based on the measured
impulse responses are shown. Other details as described in Ta-
ble II.

Talker
Method 1 2 3 4 5 avg.

Beam. 1.8 1.8 1.7 1.7 0.8 1.6
ICA 1 1.3 1.6 1.7 1.6 1.4 1.5
ICA 2 1.0 1.6 1.7 1.6 1.4 1.4
ICA 3 0.5 1.6 1.2 1.1 1.2 1.1

prior to running the ICA, which means that important fea-
tures of the speech signals were not available in the anal-
ysis. As was the case previously, the ICA source localiza-
tion seems to outperform the MUSIC source localization,
which failed to identify two of the source directions.

In order to assess the performance of the source separa-
tion, we calculated the PESQ scores for the signals sepa-
rated using the three proposed algorithms. We then com-
pared these scores to the ones obtained with a second-
order spherical beamformer steered in the actual talker di-
rections. The results are shown in Table VII. Due to the
greater amount of reverberation in the room, the PESQ
scores are lower than the ones obtained in the previous
simulations for all four methods.

Unlike the previous simulations the beamformer per-
formed better than the three proposed algorithms on av-
erage. The reason for this is that the minimum angu-
lar distance between the talkers (45◦) was greater than
in the previous simulations: 20◦ and 30◦ in the anechoic
and reverberant conditions, respectively. In other words, in
the previous simulations, the beam pattern of the order-2
spherical beamformer was too wide to separate the talk-
ers located very close to each other, and the corresponding
PESQ scores were low.

Interestingly, it can be noted that the inverse filtering
algorithm performed rather poorly in this simulation. The
explanation for this is that the inverse filters are calculated
to keep the target direction undistorted, while canceling
the sounds from the other incoming talker directions. For
other directions, however, the filters are not constrained
and may not cancel interfering sources or even amplify
them. In the previous simulations, because the reverber-
ation was moderate or not present, the talkers were then
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Table VIII. The Signal to Interference Ratio Improvements
(SIRI) corresponding to the numerical experiments described in
sections 4–6 are shown. The values have been averaged for every
combination of target signal and microphone. Other details are
as described in Table II.

Condition
Method Anechoic Reverberant Measured

Beam. 9.8 11.8 10.7
ICA 1 20.0 15.5 12.9
ICA 2 10.4 12.9 12.4
ICA 3 23.6 15.7 5.8

the main interferers and the inverse filters could separate
the signals effectively. In contrast, the amount of reverber-
ation was much greater for this simulation resulting in a
large portion of the noise consisting of reverberated waves
which the inverse filters failed to cancel.

7. Conclusions

In this paper, we described the application of a linear ICA
model to the HOA domain signals recorded by a spheri-
cal microphone array. One of the reasons for exploring the
linear ICA model is that, in the HOA domain, plane-wave
sources and their reflections form a linear, instantaneous
mixture. We have shown that spherical sources break the
assumption of instantaneous mixing in the HOA domain,
but that depending on the source distance and frequency,
the plane-wave approximation may still hold.

One of the main, new considerations of this paper are
the advantages that arise when applying ICA to a set of
microphone signals for which the array steering vector is
explicitly known and made available. We have shown that
projection of the ICA mixing matrix onto a plane-wave
dictionary based on the array steering vector provides a
method for localizing the source directions and resolving
the permutation problem. Typically, one naturally asso-
ciates array steering vectors with beamforming. Nonethe-
less, the application of statistical independence and non-
Gaussianity to separate and localize sources has gener-
ally not formed a dominant part of the beamforming lit-
erature. Instead, the literature more often focuses on sub-
space algorithms and/or the spatial correlation matrix. Us-
ing simulated and measured impulse responses for dual-
concentric SMAs, in both anechoic and reverberant condi-
tions, we have shown that source localization based on the
standard, linear ICA model seems to outperform a stan-
dard, narrow-band MUSIC algorithm. It is important to
note that both the ICA model and the MUSIC algorithm
were applied to the same narrow-band HOA signals. These
results suggest that higher-order statistics may have advan-
tages for source localization with beamformers compared
with standard techniques. Sun et al. in [22] have applied
the ESPRIT algorithm for reverberant source localization
in the phase-mode domain using a rigid SMA. While it
is difficu lt to directly compare results, the ESPRIT algo-

rith m employs second-order statistics similar to MUSIC,
and likely performs similarly. Furthermore, the linear ICA
model makes no a priori assumptions on the number of
sources, as is required for the MUSIC and ESPRIT algo-
rithms, and can be implemented efficiently.

With regard to source separation, the application of
blind source separation techniques to a beamformer, such
as the SMAs described in this paper, is usually consid-
ered as adaptive beamforming [3, 23]. Our approach dif-
fers, however, from typical blind source separation tech-
niques in that we first determine the source directions
from the ICA mixing matrix. This provides additional
options for source separation. In other words, we com-
pared the ICA source separation results with a standard,
second-order spherical beamformer and also with a direct
inverse-filtering approach based on the determined source
directions. Taking a speech enhancement viewpoint, we
presented our results in terms of the PESQ scores. Ta-
ble VIII, on the other hand, provides a summary of the
results using the Signal to Interference Ratio Improvement
(SIRI), which is a signal quality measure more commonly
used in the source separation literature (see for instance
[23], page 221). The SIRIs confirm the PESQ results:
when the reverberation is moderate, the inverse-filtering
approach (method ICA 3) separates the sources more ef-
fectively; however when more reverberation is present, as
with the measured impulse responses, the performance of
the inverse-filtering method drops dramatically. As well,
the SIRIs confirm that when the source directions are too
close for the beamformer to resolve, e.g. in the anechoic
condition, the standard ICA source separation (method
ICA 1) outperforms the spherical beamformer.

The quality of the HOA signals is clearly a significant
factor for the proposed methods and highlights the impor-
tance of the microphone array design. For instance, being
able to separate up to 8 talkers requires high quality HOA
signals up to order 2 for a relatively large frequency range.
These performance characteristics can be achieved using
a dual, concentric array design, such as that described in
[24].

In this work, we only considered a simple, linear ICA
model. In future work, we intend to investigate convolu-
tive ICA models applied in a similar manner to SMAs. As
well, in this study, we assessed the quality of the separated
signals via PESQ scores. While the scores obtained in the
simulations are nearly equal to each other, the perceived
quality of these signals is diverse. Thus, a perceptual as-
sessment of the separated signals is required in order to
evaluate the performance of the three proposed methods.
The different sounds used and generated in the simulations
are fully downloadable from the CARLab website [25].
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