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Abstract—In this paper, we propose Multiple Geometrically
Constrained Auxiliary function-based Independent Vector Anal-
ysis with Iterative Source Steering (MGC-AuxIVA-ISS), an offline
geometrically constrained source separation method that removes
the moving interference signal. GC-AuxIVA is a method that
combines AuxIVA, a Blind Source Separation method, with
geometrical constraints so that it achieves high separation per-
formance while obtaining the target speech at the desired output
channel. Online processing for GC-AuxIVA has also been pro-
posed and can handle the movement of sound sources. However,
it requires the exact positions of the target and interference sound
sources for each time frame to make an accurate geometrical
constraint. On the other hand, it is relatively easier to obtain a
range of the moving speaker. Thus, we propose overdetermined
offline-GC-AuxIVA to remove the range of the moving speaker
by providing multiple geometrical constraints. We conducted
simulation experiments to confirm that the proposed method can
remove the interference signal by giving geometrical constraints
at equal intervals in the range of the movement.

I. INTRODUCTION

In recent years, speech processing applications have become
widespread. However, there is a problem in that the speech
quality is decreased by diffuse noises and directional inter-
ferences. Therefore, there is a need for techniques that can
extract the target speech from the recorded speech mixture.
One of the useful techniques to enhance the target speech
is Blind Source Separation (BSS), which estimates individual
source signals from microphone-observed signals without such
prior information as training data [1]. BSS methods for the
determined condition (where the number of sound sources
is equal to the number of microphones) include Independent
Component Analysis (ICA) [2], which estimates a demix-
ing matrix that maximizes the independence between source
signals, Independent Vector Analysis (IVA) [3], [4], which
solves both the source separation problem and the frequency
permutation problem by modeling the entire frequency compo-
nents as multivariate variables following spherical multivariate
distribution, and Auxiliary function-based IVA (AuxIVA) [5],
which is more stable and fast update rule using the auxiliary
function method. However, they do not uniquely determine
the output order of the separated signals, which we call global
permutation problem.

Geometrically Constrained ICA (GC-ICA) and its exten-
sions have been proposed to solve the global permutation
problem simultaneously and the source separation problem [6],

[7], [8], [9], [10], [11]. They can guide the demixing matrix
to obtain a signal from a desired direction by exploiting
spatial information such as the Direction of Arrival (DOA)
of the signals and the microphone positions. Among them,
Geometrically Constrained Auxiliary function-based IVA with
Iterative Source Steering (GC-AuxIVA-ISS) [11] solves the
global permutation problem and achieves better stability and
faster update through an update algorithm using Iterative
Source Steering (ISS) [12] without requiring inverse matrix
operations. Its extension to online processing has also been
developed to separate signals in real-time (which we call
online-GC-AuxIVA-ISS [13]).

This paper focuses on the problem when applying GC-
AuxIVA-ISS to moving source separation. One way to re-
move the moving interference signal is to estimate a time-
variant demixing matrix that removes the interference signals
according to the interference sound sources’ position. There
are several online source separation methods [8], [14], [15],
and online-GC-AuxIVA-ISS [13] can estimate time-variant
demixing matrix recursively. However, when the interference
source moves quickly, it is difficult to remove the interference
signal in real time because we obtain less spatial informa-
tion about the interference signal than when the interference
is fixed. Also, in online-GC-AuxIVA-ISS, we require time-
variant spatial information for geometric constraints because
the position of the interference source is changing. However,
it is difficult to know the exact position of the interference
source in a real environment. Although previous research has
proposed a method that estimates spatial information from
the current demixing matrix, preliminary experiments have
confirmed that its source separation performance is limited
when the sound source moves quickly.

Although it is difficult to obtain the positional information
of the moving sound source at each time, it is relatively easy
to obtain information on its range. Therefore, we propose
a source separation method that removes the signal in the
range of the interference source’s movement. In concrete, we
assume offline processing and an overdetermined condition
where the number of microphones is more than the number of
sources. Then we add several geometric constraints to guide
the demixing matrix to remove the range of the interference
source movement. We call this method Multiple GCAuxIVA-
ISS (MGC-AuxIVA-ISS) and evaluate its effectiveness using
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a simulation experiment. As a result, it can be expected to
remove the interference signal without giving information on
how the interference sound moves at each time.

II. PROBLEM FORMULATION

We consider a determined or an overdetermined situation
where J sound source signals are mixed and captured by I (≥
J) microphones. The Short-Time Fourier Transform (STFT)
coefficients of the j-th estimated source and i-th microphone
signals are denoted by

yfn = [y1fn, . . . , yJfn]
T ∈ CJ , (1)

xfn = [x1fn, . . . , xIfn]
T ∈ CI . (2)

Here, f = 1, . . . , F and n = 1, . . . , N are the indices of
the frequency and frame, respectively and (·)T denotes the
transpose.

We consider an instantaneous mixture model in the time-
frequency domain where the STFT window length is suffi-
ciently longer than the impulse response between the sound
source and microphones. Then, the relationship between the
observed signals xfn and estimated sources yfn can be
expressed as

yfn = W fnxfn, (3)

where, W fn = [w1fn, . . . ,wJfn]
H is a time-variant demixing

matrix containing demixing filters wjfn ∈ CI , and (·)H
denotes the Hermitian transpose. Our goal is to estimate the
source signal yfn = [y1fn, . . . , yJfn]

T and solve the global
permutation problem.

III. CONVENTIONAL METHOD

In this section, we introduce two conventional methods:
Offline-GC-AuxIVA-ISS and Online-GC-AuxIVA-ISS. Then,
we describe the drawback of the conventional methods in
Section III-C.

A. Offline-GC-AuxIVA-ISS [11]

Offline-GC-AuxIVA estimates an time-invariant demixing
matrix W f = [w1f , . . . ,wJf ]

H. The demixing matrix W =
{W f}f can be estimated by minimizing the following nega-
tive log-likelihood function:

LIVA(W) =

I∑
j=1

E[G(yjn)]−
F∑

f=1

log | detW f |, (4)

where E[·] denotes the expectation operator and yjn is the
vector representation of the estimated sources:

yjn = [yj1n, . . . , yjFn]
T ∈ CF . (5)

Here, G(yjn) = − log p(yjn) is the contrast function where
p(yjn) represents a multivariate probability density function
at the j-th source. One typical choice of the contrast function

is to use a spherical contract function [3], [4], [5], which is
expressed as

G(yjn) = GR(rjn), (6)

rjn = ||yjn||2 =

√∑
f

|yjfn|2 =

√∑
f

|wH
jfxfn|2. (7)

Here, GR(r) is a function of a real-valued scalar variable
r, and || · ||2 denotes the L2 norm of a vector. Adopting
the auxiliary function approach [5], the following equation is
optimized instead of (4):

LIVA(W) ≤ LAuxIVA(Σ,W)

=
1

2

F∑
f=1

J∑
j=1

wH
jfΣjfwjf −

F∑
f=1

log | detW f |, (8)

where Σ = {Σjf}jf is the weighted spatial covariance matrix
calculated as

Σjf =
∑
n

φ(rjn)xfnx
H
fn. (9)

Here, φ(rjn) = G
′

R(rjn)/rjn and (·)′ denotes the derivative
operator.

To avoid the global permutation problem, GC-AuxIVA-ISS
uses geometric constraints [6] that controls the j-th demixing
filter to respond a value cjθ toward θ direction. The regular-
ization term of the geometric constraint is expressed as

LGC(W) =

F∑
f=1

J∑
j=1

∑
θ∈Θ

λjθ|wH
jfdfθ − cjθ|2. (10)

Here, Θ = {θ} represents a set including all directions to be
considered, dfθ is a steering vector pointing to the direction
θ, cjθ is a nonnegative value set for all frequency bins as
constraints, and λjθ ≥ 0 is a parameter that weighs the
importance of the constraint. When cjθ = 1, the jth demixing
filter wjf is guided to preserve the signals arriving from the θ
direction. On the other hand, when the value of cjθ is close to
0, the jth demixing filter wjf is forced to create a spatial null
to the θ direction. Thus, the objective function to be optimized
in GC-AuxIVA is given by combining (8) and (10):

L(Σ,W) = LAuxIVA(Σ,W) + LGC(W). (11)

Because there is no closed update rule to minimize the
objective function in (11), GC-AuxIVA-ISS uses update an
iterative update algorithm, ISS [11], [12]. In ISS, the demix-
ing matrix is updated using the auxiliary variable vjf =
[v1jf , . . . , vIjf ]

T ∈ CI as follows:

W f ←W f − vjfw
H
jf . (12)

Substituting (12) into the objective function in (11), we have a
new objective function to be minimized. Then, we can obtain
the update rule of the variable vjf by calculating the partial
derivative of the function and equating it to zero. Since the
detailed update rule has been discussed in [11] and is not
directly related to our main discussion, we skip explaining it.
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B. Online-GC-AuxIVA-ISS [13]

Online-GC-AuxIVA-ISS uses time-variant demixing matri-
ces W fn and estimates the matrices in each time frame n.

In offline-GC-AuxIVA-ISS, spatial covariance matrix Σjf is
calculated using all time frames of the observed signal. On the
other hand in online-GC-AuxIVA-ISS, the spatial covariance
matrix is updated in an autoregressive manner:

Σjfn = αΣjf(n−1) + (1− α)φ(rjn)xfnx
H
fn. (13)

Here, 0 < α < 1 denotes a forgetting factor. The ISS update
can be straightforwardly applied to online-GC-AuxIVA by
replacing the update rule of the covariance matrices with (13).
The detailed update rule of online-GC-AuxIVA-ISS is also
written in [13].

We also need to consider how to model the geometrical
constraints in online processing. In this paper, we use the
following time-variant GC term for online-GC-AuxIVA-ISS:

LGC(W fn) =

F∑
f=1

J∑
j=1

∑
θn∈Θn

λjθn |wH
jfndfθn − cjθn |2. (14)

As discussed in the previous research [13], we obtain the
steering vector dfθn in each frame n using a DOA estimation
method, multiple signal classification (MUSIC) [16]. MUSIC
is a subspace-based method that decomposes the spatial co-
variance matrix of the observed multichannel signals to obtain
subspaces of signals and noise that are orthogonal to each
other. The operation of MUSIC in this system is described
in [13], [17]. We used [18] for implementing the MUSIC
method.

C. Drawback of the conventional method in moving source
separation

Let us consider a situation of the moving source separation
where one interference source is moving as shown in Fig. 1. In
this case, offline-GC-AuxIVA-ISS described in Section III-A
estimates a time-invariant demixing filter using the signals
of all time frames, and thus cannot follow changes in the
environment such as the movement of sound source.

On the other hand, online-GC-AuxIVA-ISS estimates a time-
variant demixing matrix using only the observed signals up to
the present frame. Therefore, it can handle the movement of
sound sources. However, when the interference source moves
quickly, it is difficult to remove the interference signal in
real time because we obtain less spatial information about
the interference signal than when the interference is fixed.
Moreover, it is not necessarily easy to prepare the accurate
direction θn in each time frame n to provide geometrical con-
straints. Although there is a research to estimate the DOAs for
online-GC-AuxIVA-ISS, the accuracy of the DOA estimation
is limited because the estimation is conducted by using the
observed mixture signals up to the present.
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Fig. 1: Layout of a situation of the moving sourece separation.
The target speaker is at 45◦. The interference speaker moves
on an arc from 90◦ to 170◦ for the first 10 seconds and from
170◦ to 90◦ for the next 10 seconds.

IV. PROPOSED METHOD: MGC-AUXIVA-ISS

In this section, we propose a method to solve the issues
described in Section III-C. Although it is difficult to get the
positions of each source at each time, it is easier to obtain
the range of the moving sound source. Thus, we propose to
remove the range of the moving source by utilizing geometric
constraints. In concrete, we extend offline-GC-AuxIVA-ISS
to an overdetermined condition and provide null constraints
in multiple directions to remove the moving interference sig-
nal. We call this proposed method Multiple GC-AuxIVA-ISS
(MGC-AuxIVA-ISS). Here, we assume to obtain the range of
the moving interference with a range ϕ. For example in Fig. ??,
when the interference source move in the range in 90◦ to 170◦

(ϕ = {ψ | 90◦ ≤ ψ ≤ 170◦}) and we have 6 microphones,
we set Θ = {90, 110, . . . , 170}, and apply the geometric
constraint c1θ = 0 for all θ ∈ Θ. Thus, we expect that our
MGC-AuxIVA-ISS can remove the entire moving range of the
interference signal, regardless of the sound source’s movement.
This sets up I − 1 null constraints equally spaced for ϕ. In
this study, we assume the direction range ϕ is known, and let
its estimation be a future issue. The cost function for MGC-
AuxIVA-ISS is equivalent to that of the Offline-GC-AuxIVA-
ISS, and the parameter optimization algorithm is similar.

V. EXPERIMENTAL EVALUATION

A. Experimental conditions

We conducted simulation experiments to evaluate the sep-
aration performance of MGC-AuxIVA-ISS in the situation
of moving source separation. In this experiment, we used
speech signals for 6 speakers (3 male and 3 female) selected
randomly from a total of 503 sentences in Set B of the
ATR Digital Japanese Speech Database [19]. To generate the
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mixture signals, we randomly selected speech signals from
two different speakers and created a total of 50 patterns of
mixture signals whose length is 20 seconds. We used signal
generator [20] to create the mixture signals. We show the
layout of sound sources and microphones using Fig. 1. The
DOA of the target signal was fixed at 45◦ for all 20 seconds
and the interference source moved on an arc from 90◦ to 170◦

for the first 10 seconds and moved on an arc from 170◦ to 90◦

for the next 10 seconds. We used 6 microphones and set the
distance between adjacent microphones to 2 cm. The distance
between sound sources and microphones was set to 1 m. We
set the reverberation times (RT60) to 200 ms. We conducted
the convolution at a sampling frequency of 48 kHz and then
resampled the convoluted signals at 16 kHz to separate the
mixtures.

In this experiment, we used the following three meth-
ods, MGC-AuxIVA-ISS, online-GC-AuxIVA-ISS with correct
DOAs and online-GC-AuxIVA-ISS with MUSIC. We used 6
microphones for MGC-AuxIVA-ISS, and 2 microphones for
online-GC-AuxIVA-ISS. We gave information on the moving
range of the interference source for MGC-AuxIVA-ISS. On
the other hand, we gave the DOA of the interference signal
at each time frame to online-GC-AuxIVA-ISS with correct
DOAs. Online-GC-AuxIVA-ISS with MUSIC estimated the
interference’s DOA using MUSIC in each frame and applied
the DOA into geometrical constraints. In this experiment, we
used null constraints where cjθ = 0 and spatial nulls are
formed in the direction of θ. The STFT was computed using a
Hanning window, whose length and shift were set at 2048
samples (128 ms) and 1024 samples (64 ms), respectively.
The number of iterations is set to 50 for MGC-AuxIVA-ISS
and 2 in each frame for online-GC-AuxIVA-ISS. In online-
GC-AuxIVA-ISS, the forgetting factor α is set to 0.99, and
the spatial covariance matrix Σjf0 is initialized as an identity
matrix.

The following two objective metrics were used to evaluate
the separation performance: Source-to-Distortions Ratio (SDR)
and Source-to-Interferences Ratio (SIR) [21]. Higher values
of SDR and SIR indicate better separation performance. The
values shown in the experimental results are obtained by tuning
the parameter λjθ so that the accuracy of output signal order
is 100% and SDR is the highest value.

B. Results

We compared the SDR and SIR improvement of MGC-
AuxIVA-ISS and the conventional methods using Fig. 2 and
Table I. Figure 2 shows the average SDR for the emphasized
target signal every 2 seconds obtained by each method. Table I
shows the average SDR and SIR of the target signal enhanced
by each method in every 2 seconds. To evaluate the SDRs with
and without background noise, we conducted two experiments,
one without background noise and the other with a noise added
by adjusting Source-to-Noise Ratio (SNR) = 25 dB.

We first show the result without background noise.
In this experiment, we gave null constraints towards
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Fig. 2: Average SDR of the target signal enhanced by each
method in every 2 s.

{90◦, 110◦, 130◦, 150◦, 170◦} and set λjθ = 100 for MGC-
AuxIVA-ISS. We set λjθ = 300 for online-GC-AuxIVA-ISS
with correct DOAs, and λjθ = 10 for online-GC-AuxIVA-
ISS with MUSIC. From Fig. 2 (a), MGC-AuxIVA-ISS shows
the highest SDR overall times. Similarly, Table. I (a) shows
that MGC-AuxIVA-ISS achieves the average SDR improve-
ment of 1.64 dB and the average SIR improvement of 5.88
dB compared to online-GC-AuxIVA-ISS with correct DOAs.
These results indicate that MGC-AuxIVA-ISS can remove the
moving interference signal better than the conventional online-
GC-AuxIVA-ISS.

Next, we show the result in a noisy environment.
In this experiment, we gave null constraints towards
{80◦, 105◦, 130◦, 155◦, 180◦} and set λjθ = 3590 for MGC-
AuxIVA-ISS. We set λjθ = 30 for online-GC-AuxIVA-ISS
with correct DOAs, and λjθ = 20 for online-GC-AuxIVA-ISS
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Fig. 3: Examples of directivity patterns obtained by MGC-
AuxIVA-ISS. Red line shows the position of the target source.
Yellow lines show the range of the interference source.

with MUSIC. From Fig. 2 (b), MGC-AuxIVA-ISS shows the
highest SDR before 4 seconds and after 16 seconds. However,
the SDR of MGC-AuxIVA-ISS was close to that of online-
GC-AuxIVA-ISS with correct DOAs between 4 to 16 seconds.
Table I (b) also shows that MGC-AuxIVA-ISS performs equiv-
alent SDR and higher SIR than online-GC-AuxIVA-ISS with
correct DOAs. On the other hand, when compared to online-
GC-AuxIVA-ISS with MUSIC, MGC-AuxIVA-ISS achieves
the average SDR improvement of 0.77 dB. This result means
that when we do not know the correct DOA but know the range
of moving interference, using several null constraints toward
the moving range is a good way, even in a noisy environment.

Finally, we show the directivity pattern using Fig. 3. The
preferred result in Fig. 3 is that the demixing filter removes
the steering vector arriving from the moving range of the

TABLE I: Average SDR [dB] and SIR [dB] of the target signal
enhanced by each method. In these results, the accuracy of
output order was 100%.

(a) No background noise

method SDR [dB] SIR [dB]

MGC-AuxIVA-ISS (proposed method) 8.69 16.01

Online-GC-AuxIVA-ISS with correct DOAs 7.05 10.13

Online-GC-AuxIVA-ISS with MUSIC 6.11 10.00

(b) SNR = 25 dB

method SDR [dB] SIR [dB]

MGC-AuxIVA-ISS (proposed method) 5.47 10.12

Online-GC-AuxIVA-ISS with correct DOAs 5.50 9.87

Online-GC-AuxIVA-ISS with MUSIC 4.70 9.69

interference source while remaining that from 45◦. So, we
normalized the response in each frequency by the response
from 45◦. This result shows that MGC-AuxIVA-ISS removes
the moving range between 90◦ and 170◦.

VI. CONCLUSIONS

In this paper, we proposed MGC-AixIVA-ISS to remove the
moving interference speaker. Online-GC-AuxIVA-ISS, which
is effective for the movement of the interference source,
requires accurate DOAs of the interference signal for each time
frame. On the other hand, MGC-AuxIVA-ISS extends offline-
GC-AuxIVA-ISS to the overdetermined condition and provides
equally spaced null constraints within the moving range of the
interference source. To investigate the effectiveness of MGC-
AuxIVA-ISS, we conducted speech enhancement experiments
to remove the moving interference signal. As a result, we
confirmed that the separation performance of MGC-AuxIVA-
ISS is more than that of online-GC-AuxIVA-ISS.
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