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ABSTRACT

This paper is devoted to the recently proposed mixing model with
constant separating vector (CSV) for Blind Source Extraction of
moving sources using the FastDIVA algorithm, which is an extension of the famous FastICA and FastIVA for static mixtures. The
benefits due to the CSV model and FastDIVA are demonstrated in
three new applications. First, the extraction of a moving speaker in
a noisy reverberant environment using a dense array of 48 MEMS
microphones is considered. Second, a case study on the blind extraction of moving brain activity from visually evoked potentials in
electroencephalogram is reported. Third, a simulation of block-byblock online extraction of a moving source is demonstrated. In these
examples, the CSV and FastDIVA show their new potential and good
performance in handling the blind moving source extraction problem.
Index Terms— Blind Source Extraction, Independent Component Analysis, Independent Vector Analysis, Speech Separation,
Electroencephalogram, Moving Sources
1. INTRODUCTION
Blind Source Extraction and Separation (BSE/BSS) aim at the extraction of a desired signal or of all signals, respectively, from their
observed mixture without using prior information. In the vast majority of methods, the static linear mixing model is considered, given
by
x = As,
(1)
where x is a d × 1 vector representing the mixed signals; A is a
d × d non-singular time-invariant mixing matrix; and s is a d × 1
vector representing the original signals. In BSE, only some columns
of A and the corresponding elements of s are to be estimated. The
determined case, i.e. where A is square and the dimensions of x
and s are the same, is often preferred, because then the goal can be
formulated as to estimate a square de-mixing matrix W (or some of
its row in BSE). In Independent Component Analysis (ICA), where
the main assumption is that the components in s are mutually independent, W is sought such that the signals Wx are as independent
as possible [1].
Problems of time-varying mixtures have rarely been addressed
by considering other mixing models than the fully parametrized
time-variant version of (1); a linearly time-varying BSS mixing
model was considered in [2]; see also [3, 4]. However, since many
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real-world problems are dynamic, there are various works considering sequential deployments of static mixture-based methods [5–9].
Recently, we have introduced a novel mixing model that allows for
BSE of a moving source through the classical statistical estimation
approach. The model, referred to as CSV (Constant Separating
Vector) assumes time-varying mixing and time-invariant separating
parameters in the determined model [10]. Some advantageous theoretical properties as well as practical usefulness of CSV have been
reported in [11–13]. However, the practical potential of CSV has
still not been fully explored.
This paper reports about new applications of CSV. In Sections 2
and 3, a brief summary of the model and of the recently announced
one-unit FastDIVA algorithm is provided. FastDIVA is the successor
of the famous FastICA/FastIVA [14, 15] allowing for the CSV mixing model [13]. Sections 4 is devoted to three examples of use: 1)
BSE of a moving speaker using a dense microphone array, 2) BSE
of a moving activity in visually evoked potentials, and 3) sequential
BSE employing CSV. In these examples, CSV together with FastDIVA show promising results.
Notation: Upper index ·T , ·H , or ·∗ denotes, respectively,
transposition, conjugate transpose, or complex conjugate. The Matlab convention for matrix/vector concatenation will be used, e.g.,
[1; g] = [1, gT ]T .
2. CSV MIXING MODEL
In [10] it was shown that, for the static BSE problem, it is sufficient
to parameterize A in (1) with two parameter vectors associated with
the source of interest (SOI): the mixing and separating vector. When
extracting the SOI jointly from a set of K > 1 mixtures via Independent Vector Extraction (IVE) [10, 16], the kth mixing matrix,
k = 1, . . . , K, is parameterized similarly by two k-indexed parameter vectors.
Let N samples of signals be available in K mixtures, and let
the samples be divided into T ≥ 1 time-intervals called blocks, for
simplicity, of the same length Nb ; hence N = T · Nb . Consider a
time-varying (block-wise) determined instantaneous mixing model
given by
xk,t = Ak,t sk,t ,
(2)
where k = 1, . . . , K is the mixture index; t = 1, . . . , T is the block
index; Ak,t , sk,t and xk,t represent the mixing matrix, the original
signals and the observed mixed signals in the kth mixture and tth
block, respectively. CSV is a special case of (2) where the mixing
matrices are parameterized as
Ak,t = ak,t
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where ak,t = [γk,t ; gk,t ] is the mixing vector and wk = [βk ; hk ]
is the separating vector corresponding to the SOI in the kth mixture
and tth block; the vectors are linked through aH
k,t wk = 1 for all t
and k. The inverse matrix of Ak,t is equal to
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Bk,t
where Id is the d × d identity matrix. The structure of sk,t is assumed to be sk,t = [sk,t ; zk,t ] where sk,t stands for the SOI while
zk,t represents the other background signals that are not subject of
separation into independent signals like in ICA or IVA. Note that,
for T = 1, CSV coincides with the static IVE model parametrized
with two parameter vectors per each mixture [10].
While the mixing vectors, which are referring mainly to the position of the source, depend on t, the key property of CSV is that
the separating vectors do not [13]. The idea is that each separating vector is estimated to extract the SOI from the entire area of
its motion, which is delimited by the mixing vectors. Although the
time-invariant separator need not always exist, it appears that such
assumption can be reasonable in short/middle-term intervals [12].
The reduced parameterization gives the CSV an advantage over the
models with time-variant separating vectors. To justify, it has been
shown in [11] that the achievable residual interference-to-signal ratio (ISR) after the extraction based on CSV (for one data-set only,
i.e., K = 1), is lower-bounded in the sense that
E[ISR] ≥

1 d−1
N κs − 1

(5)

provided that the SOI has the same pdf (and variance) in all blocks
and the background signals are circular Gaussian; κs = E[|ψ|2 ]
where ψ is the score function corresponding to the normalized pdf
of the SOI. The bound in (5) has order O(N −1 ). This is in contrast
to the conventional static mixture-based BSE where data are independently processed in each block, which ensures time-variant demixing on one hand, but on the other hand yields ISR whose lower
bound is obviously O(Nb−1 ) [11]. Moreover, there is the ambiguity
problem that a different source other than the SOI can be extracted in
each block when they are processed independently. By contrast, in
CSV, it is guaranteed that the same source is extracted in each block.

of xk,t ; ak,t is linked to wk through the orthogonal constraint, i.e.,
b k,t wk (wkH C
b k,t wk )−1 ; h·i denotes the average of the arak,t = C
t
gument over t = 1, . . . , T ; {·}k means that the argument involves
all the variables dependent on k for k = 1, . . . , K. After each update, wknew is normalized so that the output scale of the extracted
SOI is one. The algorithm stops when the change in wknew is below
a threshold for all k.
For T = 1 and K = 1, FastDIVA coincides with FastICA
[14] in the real-valued case and is closely related to the complexvalued FastICA [17] and FastIVA [15] in the complex-valued case
and K > 1, respectively. FastDIVA currently appears, to our best
knowledge, to be the fastest method for the dynamic case T > 1.
Performance analysis of the algorithm provided in [13] has shown
that the asymptotic mean ISR achieved within the kth data set is
equal to the Cramér-Rao-induced lower bound from [11] provided
that the true score function of the SOI is used.
4. CASE STUDIES
4.1. Moving speaker extraction with dense microphone array
The usefulness of CSV in blind extraction of a moving speaker has
already been proven in [12]. In the example here, we consider a special dense array consisting of 48 MEMS microphones arranged in an
8×6 vertical planar grid, see Fig. 1. The device captures sound at the
sampling frequency of 25 kHz, which is down-sampled to 16kHz.
All further processing is then done in the time-frequency domain
obtained by a short-time Fourier transform with a frame length of
256 samples and 128 samples overlap.
Two speakers were recorded in a noisy office with the array. The
SOI is a female speaker, which is performing a circular motion from
0◦ to 90◦ over the duration of 10 s at a 1 m distance from the array.
The second speaker is a static male interferer standing at −90◦ at
∼ 1.5 m distance. Both speakers were simulated using loudspeakers.
White Gaussian noise was added so that the Interference-to-Noise
ratio (INR) is −10 dB, and this was mixed with the SOI’s signal at
a Signal-to-Interference-plus-Noise ratio (SINR) of 5 dB. We chose
this low INR level to verify the usefulness of the dense array (and
algorithm) in strong isotropic noise, which cannot be attenuated in
any way other then increasing the number of microphones.

3. ONE-UNIT FASTDIVA
FastDIVA (Fast Dynamic IVA) is an algorithm that has been recently
derived in [13]; this section provides its brief description. The oneunit FastDIVA performs BSE based on the CSV model. Starting
from an initial guess, the algorithm performs updates of the separating vectors, k = 1, . . . , K, according to
+−1
*
∗
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C
ν̂k,t − ρ̂k,t
new
∇k .
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ŝk,t = wkH xk,t is the current estimate of the SOI; σ̂k,t
, ν̂k,t , and
ρ̂k,t are equal, respectively, to the sample-based estimates of the
sk,t
variance, E[ σk,t φk ], and E[ ∂s∂k φk ]; φk is the score function corresponding to a selected model density of the SOI (the true density
b k,t is the sample-based covariance matrix
is not known in BSE); C

Fig. 1. Recording device with 48 working MEMS microphones arranged in a 5×7cm regular plane array.
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Table 1. SINR improvement, SDR and SOI attenuation [dB] for a
different number of microphones.
2

0
-0.5
0.5

-0.5
0.5

b is the sample-mean operator, s̃ is the contribution of SOI
where E
in the extracted signal sb, and s is the true SOI signal. For the case
d = 2, microphones 1 and 41 were used; for d = 6, the bottommost row of microphones was used; for d = 24, every second row
of microphones, starting at the bottom, was used. Increasing the
number of available microphones provides a steady increase in SINR
improvement. SDR, on the other hand, steadily decreases, since the
methods using a lower number of microphones do not perform any
significant signal filtering. In all cases, the approach using multiple
blocks yields better extraction performance than the one with the
static mixing model.

#mics (d)
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SINRimp
SDR
SOI atn

0
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48
7
6.28
11.47
-1.47

1
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7.22
-1.26

7
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-0.52

Fig. 2 compares the resulting signals when 48 microphones
were used. FastDIVA was successful in attenuating the interfering
signal in both settings T = 1 and T = 7. With the static mixing
model, however, it yielded a so-called ”half-way” solution where the
first half of the extracted SOI is severely attenuated. This is caused
by the source movement. Using multiple blocks efficiently solves
this issue together with an effective employment of all microphones
to achieve the improved SINR.
4.2. Moving activity in visual evoked potentials
Visual Evoked Potentials (VEPs) are common measures of brain activity in the cognitive neuroscience community. VEPs are measured
from Electroencephalograms (EEGs) that correspond to the electrical activity in the brain that occurs in response to a stimulus [18–20].
Using visual stimulation, various regions of cerebral cortex are activated, called brain sources [21]. Extracting these brain sources helps
to accurately understand and analyze brain diseases.
ICA is a powerful tool for analyzing VEPs [22–24] as it is
able to extract multiple functionally distinct sources. Extraction of
these sources greatly enhances the awareness of VEPs by providing a cleaner and less ambiguous measure of source activity. So
far, ICA does not handle moving EEG sources because the mixing
model assumes that the independent components come from fixed
positions. However, advanced neurological research has shown that
brain sources are moving depending on various internal and external
stimuli [25, 26]. Here, we show that One-unit FastDIVA is able to,
at least, partly capture the moving activity in VEPs.
In the example here, we used the data containing motion-onset
VEPs due to slowly moving objects with high contrast structures
studied in [27]. These data were recorded using 8 channels (F3, F4,

SOI attenuation [dB]

SDR =

0.5

Amplitude [-]

One-unit FastDIVA was used to extract a component from the
mixture. In the first extraction case, the entire signal was processed
as a static mixture, i.e., with T = 1. In the second case, T = 7
blocks in the CSV model were considered.
Table 1 shows the results in terms of SINR improvement, SOI
attenuation and Signal-to-Distortion ratio (SDR) when some number
of microphones is used. The SDR is defined as

0
-2
-4
T=1
T=7

-6
0

1

2

3

4

5

6

7

8

9

10

Time [s]

Fig. 2. Dynamic source extraction using one-unit FastDIVA. From
the top to bottom: original SOI signal; mixture on the first microphone; extracted signal with T = 1; extracted signal using T = 7;
attenuation of the SOI.

C3, C4, Pz, Oz, Ol, and Or); the sampling frequency was 250 Hz.
The grand average of data of length 512 samples are subject to the
BSS/BSE analysis.
We first perform the classical ICA analysis using EFICA (Efficient FastICA) from [28]. This gives us components, which are
in correspondence to those obtained in [27]. There are four independent components, denoted s1 , . . . , s4 , shown in Fig.3(a) which
contain the brain activity due to the stimuli; cf. Fig. 2 in [27]. These
activities are localized, respectively, in the parieto-occipital region at
124 ms, occipito-parietal region at 164 ms, frontal region at 224 ms,
and occipito-parietal region at 596 ms [27].
Since BSE algorithms (one-unit FastDIVA) can have different
stationary points compared to BSS methods (EFICA), we verify
whether the active components by EFICA are also the stationary
points of one-unit FastDIVA. To ensure this “stability”, we define
new input data that correspond to the (already separated) active components s1 , . . . , s4 . When one-unit FastDIVA is restarted from these
solutions with T = 1, it stops after less than 10 iterations yielding
the same components up to a small statistical deviation. In other
words, the estimated mixing vectors corresponding to the extracted
components are approximately equal to e1 , . . . , e4 , up to scaling
factors; ei denotes the ith column of the 4 × 4 identity matrix. This
confirms that both algorithms estimate the same components when
their mixing models coincide.
An important result is obtained when one-unit FastDIVA is similarly applied with T = 4, which means that the data are divided
into four blocks each having Nb = 128 samples in length. Fig.3(b)
displays a new active source which is found by the algorithm when
it is initialized in s4 . This source has two negative peaks at 224 ms
and 596 ms, respectively, which corresponds with the activations of
s3 and s4 , respectively. The estimated mixing vectors of the source
found on block 3 and 4 are equal to

−0.0331
−0.1547
a3 = 
1.3695 
0.0605



0.1189
−0.0410
,
a4 = 
0.1661 
1.1660


(9)

Normalized Amplitude

which is, up to the scale, approximately equal to e3 and e4 , respectively. It means that One-unit FastDIVA with T = 4 extracted the
source that moved from the frontal region in block 3 to the occipitoparietal region in block 4.
A natural question is why the activity in s1 and s2 is not involved in the new component. We conjecture that this might be
caused by the insufficient time resolution. The activations in s1 and
s2 appear within the same block as that of s3 and come from different regions; the movement is too fast. Unfortunately, increasing the
time-resolution by dividing the data into more blocks does not help
because the number of samples within one block becomes too small.
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2

Table 2. Results of the simulated online BSE in terms of output
SINR and SDR [dB].
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The interferers are static. The movement speed of the SOI is controled through the angular distance between a1 and aN . The separating vector is initialized by the LCMP beamformer steered in the
directions given by a1 and aN . The data are then processed blockby-block (with overlap) by performing one FastDIVA iteration per
block, initialized by the separating vector from the previous block.
We performed 750 repetitions of the experiment for various
speeds of movement, block lengths and values of the CSV parameter T . The shift between neighbouring blocks is set to the block
length divided by T (the sub-block length within CSV). Table 2
shows the resulting extraction accuracy in terms of average output
SINR and SDR over all samples.
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Fig. 3. (a) Active brain sources separated using EFICA. (b) A moving active brain source extracted using One-unit FastDIVA.

4.3. Simulated block-by-block online extraction
This example demonstrates the usability of CSV and FastDIVA in
online BSE where data are processed sequentially block-by-block.
Such processing is always a question of a correctly set length of
blocks. On one hand, over-shortening the block length usually
causes problems with convergence as the accuracy of the local parameter estimates is low. On the other hand, setting the block length
too long can lead to an insufficient representation of highly dynamic
mixtures involving fast-moving sources. The benefit of using CSV
in online processing is that it allows for dynamics within the block
by setting T > 1. This enables us to increase the block length
without losing the time-resolution of the online BSE. We verify this
feature in a simulated example where online BSE based on the static
mixing model and CSV are compared.
In one trial, an instantaneous real-valued mixture (K = 1) of
dimension d = 10 involving one Laplacean moving SOI, eight
Laplacean interferers and additional white Gaussian noise is generated. The length of the mixture is N = 60000 samples; the INR is
set to 50 dB and the input SINR is set to 5 dB over all sensors. The
mixing vector of the SOI is continuously changing in a linear manner between a1 and aN , i.e., the mixing vector at the nth sample,
n = 1, . . . , N is




n−1
n−1
an = 1 −
a1 +
aN .
(10)
N −1
N −1

In the static case (angle 0◦ ), both SINR and SDR obviously grow
with the block length. Here, the number of CSV sub-blocks has no
influence, i.e., CSV with T > 1 brings no advantage. In other cases,
where the SOI is moving, the optimum block length depends on the
movement speed, and a trade-off between the output SINR and SDR
has to be sought. Here, the online processing with T = 5 brings
significantly better SINR as well as SDR in all settings compared to
T = 1, which confirms the advantage brought by CSV.
5. CONCLUSIONS
We presented examples where the CSV mixing model together with
one-unit FastDIVA show their potential in blind extraction of a moving source. In particular, the approach solves the problem of “halfway” solutions, which appears when conventional static ICA or IVA
is applied to mixtures involving moving sources. While ICA/IVA
tends to split moving sources into several components, FastDIVA
can find it as one independent component. We showed that the approach is useful in the multichannel speech enhancement problem
where the speaker moves and is helpful in online block-by-block
processing regime. It can also serve as a novel tool for exploratory
data analysis, here demonstrated on BSE of moving brain activity in
VEPs. This, however, needs further development and experimental
validation. Also, an extensive experimental comparison of the CSVbased methods with the conventional sequential methods has to be
done in future. The Matlab implementation of FastDIVA and of the
examples presented in this paper are available on our website1 .
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