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Abstract—A desired acoustic source can very often only be
observed in a mixture together with interfering sources in a real-
life scenario. Hence, extracting the desired signal with a minimum
amount of information about the geometric and acoustic setup is
a problem of great interest. Recently, methods for blind source
extraction based on Independent Vector Analysis (IVA) have been
proposed. These algorithms are entirely blind, which prevents
them from focussing on a specific source in the mixture. In
this contribution, we guide the convergence of the extraction
filter by a free-field prior within a Bayesian model towards the
desired solution and use recently proposed update rules relying
on the Eigenvalue Decomposition (EVD) for its optimization. The
superiority of the presented update rules over a recently proposed
state-of-the-art method is shown in experiments using measured
Room Impulse Responses (RIRs).

Index Terms—Independent Vector Analysis, Signal Extraction,
Eigenvalue Decomposition, MM Algorithm

I. INTRODUCTION

In daily-life situations, acoustic sources can often only be
observed in mixtures with noise and interfering sources. Blind
Source Separation (BSS) methods separate such observed
mixtures to provide access to the individual sources of the
mixture [1], [2]. Originating from instantaneous Independent
Component Analysis (ICA) [3], Frequency-Domain ICA [4]
has been proposed which solves the convolutive mixing prob-
lem, which is more relevant for acoustic mixtures, in the
frequency domain. However, due to the independent treatment
of the frequency bins, the inner permutation problem, i.e.,
an ambiguity of the permutation of the outputs in each
frequency bin, occurs and has to be resolved afterwards [5]. To
address this issue, Independent Vector Analysis (IVA) has been
proposed [6], which avoids the inner permutation problem by
imposing statistical dependencies between the frequency bins.
Fast update rules based on the iterative projection principle and
the Majorize-Minimize (MM) algorithm have been proposed
[7], which can be considered as the gold standard in the field.
For the special case of two sources and two microphones,
even faster update rules have been developed based on the
Generalized Eigenvalue Decomposition (GEVD) [8].

If BSS methods are used for extracting one or multiple
Sources Of Interests (SOIs) from the observed mixture, ad-
ditional information is needed in order to pick the desired
source. A common way to achieve that is to incorporate spatial
information in the adaptation of the SOI extraction filters [9].
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This has been done for TRIple-N Independent component
analysis for CONvolutive mixtures (TRINICON) in [10], [11].
For gradient-based IVA, spatial prior knowledge has been used
in [12] and for iterative projection-based IVA in [13]. Another
approach for SOI selection is to incorporate a reference signal,
which is related to the SOI, into the SOI model [14], [15].

If the number of SOIs is smaller than the number of
microphones, a Background (BG) model can be used to reduce
the number of parameters to be estimated and hence to reduce
the computational complexity of the algorithm [16]. For IVA
using update rules based on iterative projection, such a BG
model has been introduced by [17] and fast update rules have
been proposed for this model by [18]. In [19], a generic
Bayesian framework has been developed which contains a BG
model and allows for many ways to incorporate spatial and
other prior knowledge about the source into the adaptation of
the SOI extraction filters.

In this contribution, we aim at extracting a single SOI from
a mixture of recorded sources. To this end, we extend recently
proposed update rules based on Eigenvalue Decomposition
(EVD) [18] for IVA-based source extraction by a generic
way to incorporate prior knowledge about the SOI extraction
filter. In [18], no such SOI selection mechanism is included
and hence always the dominant source of a mixture is taken
as the SOI. However, in many realistic situations multiple
sources will be similarly dominant as the SOI and hence the
extraction will not necessarily yield the desired result. The
paper presented here provides an extension of the framework
presented in [19] and the newly introduced update rules lead to
fast convergence at a low computational cost. In experiments
using recorded Room Impulse Responses (RIRs), it has been
shown that the proposed updates are superior to recently
proposed state-of-the-art methods [19].

The remainder of the paper is structured as follows: Sec. II
introduces the signal models and the probabilistic model,
which allows to incorporate prior knowledge about the SOI
extraction filters. Update rules are derived in Sec. III. Results
are presented and discussed in Sec. IV, and the paper is
concluded by Sec. V.

II. MODEL

In this section, we describe the signal model and the
probabilistic model which leads to the optimization problem
treated in Sec. III.
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A. Signal Model

We consider a linear array consisting of M microphones,
observing an acoustic scene containing one SOI among mul-
tiple interferers. The Direction of Arrival (DOA) of the SOI
is assumed to be known.

The output Short-Time Fourier Transform (STFT)-domain
signals yf,n at time frame n ∈ {1, . . . , N} and frequency
subband f ∈ {1, . . . , F} is obtained by demixing the observed
microphone signals

xf,n = [x1,f,n, . . . , xM,f,n]
T ∈ CM (1)

by the demixing matrix Wf

yf,n =

[
sf,n
zf,n

]
= Wfxf,n. (2)

The output signal vector contains the SOI sf,n as well as a
set of so-called BG signals

zf,n = [z1,f,n, . . . , zM−1,f,n]
T ∈ CM−1, (3)

for which we will not spend any efforts to separate them. The
demixing matrix

Wf =

[
wH
f

Bf

]
∈ CM×M (4)

consists of two parts: the SOI filter wf ∈ CM and the BG
filter matrix Bf ∈ C(M−1)×M . The broadband SOI vector is
defined as

sn = [sf,n, . . . , sF,n]
T ∈ CF (5)

and the broadband vector containing the BG signals is defined
as

zn =
[
zT
1,n, . . . , z

T
M−K,n

]T ∈ C(M−1)F . (6)

B. Probabilistic Model

We denote the set of demixing matrices defined in (4) by
W and the set of demixed signal vectors and microphone
signals of all time frames and frequency bins by Y and
X , respectively. Using these definitions, we can use Bayes’
Theorem to obtain an expression of the posterior distribution
of the demixing matrices and demixed signals

p(W,Y|X ) ∝ p(W)p(Y|W)p(X|W,Y). (7)

Under an i.i.d. assumption over time frames n and frequency
bins f , we construct the following likelihood function

p(X|W,Y) =

N∏
n=1

F∏
f=1

δ
(
xf,n −W−1

f yf,n

)
, (8)

where δ(·) denotes the Dirac distribution. For the distribution
of the demixed signals, we assume independence between all
time frames

p(Y|W) =

N∏
n=1

p
(
y
n

)
=

N∏
n=1

p (zn) p (sn) . (9)

Hereby, the rightmost term expresses the assumption about
mutual independence between the BG signals and the SOI.

The posterior density of the demixing matrices is obtained by
marginalization of (7) over the demixed signals Y

p(W|X ) ∝ p(W)

∫
p(Y|W)p(X|W,Y)dy

1
. . . dy

N
, (10)

which yields after inserting the models (8) and (9)

p(W|X ) ∝ p(W)

N∏
n=1

∫
p(y

n
)

F∏
f=1

δ
(
xf,n −W−1

f yf,n

)
dy

n
.

(11)
By using the rules for a linear transform of complex variables
[20] to the transform yf,n = Wfxf,n and the sifting property
of the Dirac distribution we obtain

p(W|X ) ∝ p(W)

F∏
f=1

|detWf |2N
N∏
n=1

p (zn) p(sn). (12)

By taking the logarithm of (12), we finally obtain the following
Maximum A Posteriori (MAP) problem

wf = arg max
wf∈CM

log p(W)

N
+ 2

F∑
f=1

log |detWf | . . .

· · · − Ê {G (sn)}+ Ê {log p (zn)} , (13)

where we defined the score function G(sn) = − log p(sn) and
the averaging operator Ê {·} = 1

N

∑N
n=1(·) for a concise

notation.
By taking the negative of the MAP problem (13), we obtain

the following minimization problem

wf = arg min
wf∈CM

J(wf ), (14)

which will be used in the following. In the derivation of the
update rules, we will apply a prewhitening step to simplify
the update rules in Sec. III-C, which is accomplished by mul-
tiplication with the matrix Q−H

f obtained from the Cholesky
decomposition of the microphone correlation matrix

Cf = Ê
{
xf,nx

H
f,n

}
= QH

fQf . (15)

C. SOI Distributions
For modeling the source Probability Density Functions

(PDFs), we use two popular models [21]: The generalized
Gaussian distribution

p (sn) ∝ exp
(
−‖sn‖

β
2

)
, (16)

with the shape parameter β ∈ R+, and the time-varying
Gaussian distribution

p (sn) ∝ exp

(
−‖sn‖

2
2

σ2
n

)
. (17)

D. Background Model
The BG signals are modeled to be normally distributed

p (zf,n) =
1

πM−K |detRf |
exp

(
−zH

f,nR
−1
f zf,n

)
(18)

and independent over all time frames n and frequency bins f

p(z1, . . . , zN ) =

N∏
n=1

p (zn) =

N∏
n=1

F∏
f=1

p (zf,n) . (19)
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E. Priors

To incorporate prior knowledge, we have to choose an
expression for the prior term p(W). First, we assume the priors
of the demixing matrices to be independent over all frequency
bins and the prior of the SOI filter to be independent from the
prior of the BG filters

p(W) =

F∏
f=1

p(Wf ) =

F∏
f=1

p (Bf ) p (wf ) . (20)

As we do not want to identify the BG signals, we also do not
incorporate prior knowledge about the corresponding filters
and choose an uninformative prior for p (Bf ). For the prior
of the SOI filter, we choose the following Gaussian distribution
with precision matrix γ̃fPf [19]

p (wf ) =

√
(γ̃f )M detPf√

πM
exp

(
−γ̃f (wf )HPfwf

)
. (21)

The precision matrices are chosen according to

Pf = αTikIM − αQH
fhf (ϑ)hf (ϑ)HQf , (22)

where the first part corresponds to a Tikhonov regularization,
i.e., a constraint on the filters energy, and the second part
forces the filter to be parallel to the prototype filters hf (ϑ)
multiplied with a unitary whitening matrix QH

f (the reason for
this operation will become clear in Sec. III-C). The parameters
αTik and α weight the influence of the different components
of the precision matrix. As an example for applying prior
spatial knowledge, we choose here the prototype filters hf (ϑ)
to represent relative delays in a free-field model

[hf (ϑ)]m =

[
exp

(
j

2πµf
cs
‖rm − r1‖2 cosϑ

)]
m

, (23)

where m is the microphone index, µf the frequency corre-
sponding to frequency bin f in Hertz, cs the speed of sound,
rm the position of the mth microphone and ϑ the DOAs, to
which we want to steer a spatial one.

III. OPTIMIZATION

Representing the essence of this contribution, we construct
in the following a surrogate for the optimization problem (14)
in the form of the upper bound (33), which will allow for the
derivation of fast and computationally efficient update rules.

A. MM Principle

The main idea behind MM algorithms [22] is to construct
an upper bound U

(
W|W(l)

)
of the cost function

J(W) ≤ U
(
W|W(l)

)
, (24)

where W(l) denotes the set of all SOI filters estimated in
iteration l ∈ {1, . . . , L} and equality holds iff W = W(l),
i.e.,

J
(
W(l)

)
= U

(
W(l)|W(l)

)
. (25)

This upper bound should be easier to optimize than the cost
function itself, such that the SOI filters of the next iteration
can be obtained by

W(l+1) = argmin
W

U
(
W|W(l)

)
. (26)

Together, this yields the following inequality, which assures
the cost function to be non-increasing due to the updates of
the MM algorithm

J
(
W(l+1)

)
≤ U

(
W(l+1)|W(l)

)
(27)

≤ U
(
W(l)|W(l)

)
= J

(
W(l)

)
.

B. Upper Bound

The following inequality has been proven in [7] for IVA

Ê {G(sn)} ≤ R(W(l)) +
1

2

F∑
f=1

(wf )
H
Vf

(
W(l)

)
wf . (28)

Hereby, R
(
W(l)

)
denotes a term independent of wf . Note that

for the time-varying Gaussian distribution (17) equality holds
in (28) and R(W(l)) = 0. The matrix Vf

(
W(l)

)
denotes a

weighted microphone signals’ covariance matrix

Vf

(
W(l)

)
= Ê

{
φ(rn)x̃f,nx̃

H
f,n

}
, (29)

where the weighting factor is defined by

φ(rn) =
G̃′
(
rn
(
W(l)

))
rn
(
W(l)

) . (30)

The broadband signal standard deviation rn
(
W(l)

)
rn

(
W(l)

)
=
∥∥∥s(l)n ∥∥∥

2
=

√√√√ F∑
f=1

∣∣∣∣(w(l)
f

)H
xf,n

∣∣∣∣2 (31)

can also be used to write the SOI model of Sec. II-C as
G(sn) = G̃(rn(W(l)

k )). For the presented SOI models, the
weighting factor φ(rn) of the weighted covariance matrix (29)
can in a generalized form be expressed (see [21])

φ(rn) = (rn)
β−2

. (32)

By applying the inequality (28) to the cost function (14), we
obtain the following upper bound for the cost function J

U
(
W|W(l)

)
=

F∑
f=1

[
1

2
wH
fVf

(
W(l)

)
wf . . .

· · ·+ 1

F
R
(
W(l)

)
− 2 log |detWf |+ γfw

H
fPfwf

]
, (33)

where γf =
γ̃f
N .
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C. Optimization of Upper Bound

Optimization of the upper bound (33) w.r.t. Wf yields the
following conditions for the SOI and BG filters

wH
f

[
Vk
f

(
W(l)

)
+ γfPf

]
wf

!
= 1, (34)

BH
f

[
Vk
f

(
W(l)

)
+ γfPf

]
wf

!
= 0, (35)

BH
fCfBf

!
= Rf , (36)

wH
fCfBf

!
= 0. (37)

Similarly to [18] the optimal wf can be obtained as

wf =
1√
λM,f

Q−1f uM,f , (38)

where λM and uM denotes the smallest eigenvalue and
eigenvector, respectively, of

Vinf
f = Q−H

f

[
Vk
f

(
W(l)

)
+ γfPf

]
Q−1f . (39)

Note that the incorporation of the prior knowledge, which
allows for selection of the SOI, causes the additional term
γfPf in (39) compared to the updates presented in [18], which
will select the dominant source as SOI. To iteratively minimize
the cost function corresponding to (13), we have to alternate
between two steps: Minimization of the upper bound (33) by
(39) and construction of a new upper bound by computing the
weighted microphone covariance matrix (29) and broadband
signal standard deviation (31).

The resulting update rules are summarized in Algorithm 1.

Algorithm 1 Guided Signal Extraction
INPUT: X , L, ϑ
———————————————————————-
INITIALIZATION:
sf,n = x1,f,n ∀f, n
W

(0)
f = IM ∀f

Whitening x̃f,n = Q−H
f xf,n

———————————————————————-
for l = 1 to L do

Calculate φ(rn) ∀n
for f = 1 to F do

Calculate Ṽf (W(l)
k ) = Ê

{
φ(rn)x̃f,nx̃

H
f,n

}
Compute smallest eigenvalue λM,f and eigenvector
uM,f of Vinf

f = γfQ
−H
f PfQ

−1
f + Ṽf (W(l)

k )

wf = 1√
λM,f

uM,f

wf ← wf

‖wf‖2
Extract SOI sf,n = wH

f x̃f,n ∀n
end for

end for
———————————————————————-
OUTPUT: SOI sf,n ∀f, n
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Fig. 1. Position of the sources and microphones for the measured RIRs. The
position of the array containing M = 4 microphones is depicted by crosses
and the 8 source positions are marked by circles.

IV. EXPERIMENTS

In the following, we will present results of the proposed
update rules and benchmark them with a recently proposed
baseline using updates based on iterative projection, i.e., Algo-
rithm 3 in [19]. In this reference, a comprehensive comparative
study with other state-of-the-art methods can also be found for
the same experimental setup.

For the experiments, we measured RIRs of 8 source po-
sitions at 1 m, 2 m and 4 m distance from the center of the
microphone array at the same height of 1.4 m in an office
room with a reverberation time of T60 ≈ 0.2 s. The setup is
depicted in Fig. 1. The sources, represented by 4 female and 4
male speech signals, are observed by a linear microphone array
containing M = 4 microphones with a spacing of 4.2 cm.
White Gaussian noise is added to the microphone signals to
simulate sensor noise at a Signal-to-Noise Ratio (SNR) of
30 dB. The microphone signals are transformed to the STFT
domain using a von Hann window of 2048 samples length
at a sampling frequency of 16 kHz and 50% overlap. The
performance of the algorithms is measured in terms of the
improvement of Signal-to-Distortion Ratio (SDR), Signal-to-
Interference Ratio (SIR) and Signal-to-Artefact Ratio (SAR)
[23], respectively, relative to the input signals. For represen-
tative results, we changed the association of source signals
to positions 20 times and averaged over the results. For the
parameters of the prior (21) and the source model (32), we
chose β = 0, αTik = 0.01, α = 0.0005 for the proposed
method, and β = 1, αTik = 1.5, α = 3 for the baseline
method [19]. Note that β = 1 corresponds to a Laplacian SOI
model and β = 0 to a time-varying Gaussian SOI model (17).
The parameters are chosen w.r.t. the extraction of Source 2
(see Fig. 1) such that the extraction of the desired source is
assured and the best performance measures are achieved on
average over all 20 trials.

The results for the extraction of sources 1, 2 and 3 are
depicted in Fig. 2 in terms of SDR, SIR and SAR improvement
over the number of iterations. It can be seen that the proposed
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Fig. 2. Performance of the extraction of Source 1, 2 and 3 (see Fig. 1) in terms of SDR, SIR and SAR improvement over the number of iterations. The
proposed method is plotted in red, the baseline method [19] is plotted in blue.

updates provide faster convergence and better final results
than the baseline methods. The proposed method reaches
convergence after 2 − 5 iterations. In some cases, a non-
monotonous behavior can be seen in the curves of Fig. 2.
However, this is not a contradiction as the optimization of
the performance measures is not the objective of the cost
function (14). In terms of runtime, the proposed method and
the baseline are in the same order of magnitude, with a
significant advantage for the proposed method: The average
runtime per iteration is about 0.25 seconds for the baseline
and 0.08 seconds for the proposed updates using the EVD
provided by Matlab.

V. CONCLUSIONS

In this paper, we proposed fast converging and computa-
tionally simple update rules for informed source extraction
based on IVA. The proposed updates are shown to provide
faster convergence at a lower runtime than a recently proposed
baseline method. The proposed updates are an extension of the
update rules proposed by [18], where no SOI selection mech-
anism is used. Furthermore, the proposed updates represent an
extension to the framework [19], where no such updates have
been considered.
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