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Abstract—Independent vector analysis (IVA) is a method for sep-
arating convolutedly mixed signals that significantly reduces the
occurrence of the well-known permutation problem in frequency
domain blind source separation (BSS). In this paper, we develop a
novel IVA-based unifying framework for overcomplete/complete/
undercomplete convolutive noisy BSS. We show that in order for
the sources to be separable in the frequency domain, they must
have a temporal dynamic structure. We exploit a common form of
dynamics, especially present in speech, wherein the signals have si-
lence periods intermittently, hence varying the set of active sources
with time. This feature is extremely useful in dealing with over-
complete situations. An approach using hidden Markov models
(HMMs) is proposed that takes advantage of different combina-
tions of silence gaps of the source signals at each time period. This
enables the algorithm to “glimpse” or listen in the gaps, hence
compensating for the global degeneracy by allowing it to learn the
mixing matrices at periods where it is locally less degenerate. The
same glimpsing strategy can be employed to the complete/under-
complete case as well. Moreover, additive noise is considered in our
model. Real and simulated experiments were carried out for over-
complete convoluted mixtures of speech signals yielding improved
separation results compared to a sparsity-based robust time–fre-
quency masking method. Signal-to-disturbance ratio (SDR) and
machine intelligibility of a speech recognizer was used to evaluate
their performances. Experiments were also conducted for the clas-
sical complete setting using the proposed algorithm and compared
with standard IVA showing that the results compare favorably.

Index Terms—Blind source separation (BSS), convolutive mix-
ture, hidden Markov model (HMM), independent component anal-
ysis (ICA), independent vector analysis (IVA), overcomplete sys-
tems, speech recognition, underdetermined source separation.

I. INTRODUCTION

T HE problem of separating mixed signals using multiple
sensors, commonly known as blind source separation

(BSS), has received much attention in recent years. The earliest
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and most basic form of BSS problems started with a model of
linear and instantaneous mixing of the sources. Independent
component analysis (ICA) became a popular and promising
method to deal with this issue [1]. ICA separates the mixed
signals by assuming the sources are statistically independent
and at most one source is Gaussian distributed. However,
real-world data recordings mostly do not follow the linear and
instantaneous model assumption of BSS due to reverberations
in the environment which results in convolutive mixing. As a
result, the model settings in ICA have to be adjusted for the
separation of convolutedly mixed signals. Various methods
have been proposed and a common approach to deal with the
convolutive mixing is by transforming the data to the frequency
domain where convolution in the time domain translates to
linear mixing in the frequency domain. Subsequently, ICA
can be performed on every single frequency bin. However,
since ICA is indeterminate of source permutation, further post
processing methods are necessary to deal with the permutation
in each frequency bin [2]–[5]. However, most of these permuta-
tion correction methods, in general, do not perform consistently
well [6].

Independent vector analysis (IVA) is a frequency-based
method for convolutive blind source separation that normally
requires no bin-wise permutation correction postprocessing
[6], [7]. It extends the ICA concept by treating the data in
the frequency bins as one multivariate vector and utilizing
the inner dependencies between the frequency bins, therefore,
significantly reducing the occurrence of bin-wise permutations.
IVA models each individual source as a dependent multivariate
symmetric super-Gaussian distribution while still maintaining
the fundamental assumption of BSS that each source is in-
dependent from the other. Other frequency domain methods
exist for convolutive BSS that are not ICA-based and perform
separation and permutation correction by exploiting properties
of source nonstationarity1 [3], [4], [9]–[12].

In this paper, we investigate the role that the dynamics of the
signals play in frequency domain BSS and show that in order
for the sources to be separable, they must have a dynamic tem-
poral structure. Fortunately, most signals of interest in BSS like
speech, music and EEG/MEG follow such structure. We then

1The notion of“nonstationarity” used in these articles are loose termed and
do not follow the definition of a nonstationarity in random processes. Strictly
speaking, what makes these algorithms work is not the nonstationarity of the
signals, but rather the property that each realization of the source signals has a
time varying envelope [8]. In this paper, we use the same property but we will
choose not to use the term “nonstationarity” in order to avoid confusion.
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clarify how such dynamic structure results in a Gaussian scale
mixture (GSM) (super-Gaussian shaped) distribution in the fre-
quency domain, therefore justifying the selection of such dis-
tributions that are used in IVA and other ICA-based frequency
domain approaches [2], [6], [7]. Lee et al. proposed using a
Gaussian mixture model (GMM) for the source distributions by
extending independent factor analysis (IFA) to the multivariate
case of IVA [13]. IFA is an instantaneous mixture BSS method
in the presence of noise which uses a GMM with unknown
parameters for the source priors, hence enabling the modeling
of a wide range of super-Gaussian, sub-Gaussian and multi-
modal distributions [14]. By extending IFA to the multivariate
frequency domain case for convoluted mixtures, the same wide
range of freedom in the modeling of the sources is allowed.
However, such general models are unnecessary when knowl-
edge about the general shape of the source distributions can be
achieved a priori as a consequence of their dynamics, and could
lead to overlearning due to the high number of parameters of the
GMM to be estimated. In this paper, as we intend to model the
noise as well, we approximate the GSM super-Gaussian source
distributions using a fixed GMM with zero means as they are
adequate and tractable.

For standard ICA-based methods, when the number of
sources becomes greater than the number of sensors

, i.e., the matrix is overcomplete, the process of
estimating the mixing matrix and the sources are not that
straightforward. Various methods in the past with different
underlying assumptions have been proposed to deal with
overcompleteness (degeneracy) in ICA linear instantaneous
mixing. Lee et al. used a maximum-likelihood approximation
framework for learning the overcomplete mixing matrix and
a maximum a posteriori (MAP) estimator with Laplacian
source priors, which can be viewed as a norm minimization
problem, to reconstruct the sources [15]. Bofill and Zibulevsky
proposed transforming the observations to the frequency do-
main to increase sparsity, finding the mixing matrix using a
geometric method and recovering the sources using the
norm minimization [16]. The minimization scheme does not
guarantee sparse solutions when the sources are not disjoint
or nearly disjoint, regardless of whether they are Laplacian
distributed or not [16], [17]. In other words, when the sources
overlap, the reconstruction could yield leakage from other
sources during periods when it is actually silent. Other methods
incorporate geometric/probabilistic clustering approaches to
find the mixing matrix while relying heavily on sparsity to
recover the sources, such that it is assumed that at every instant
mostly one source is active [18], [19], [20]–[23]. Vielva et al.
proposed a MAP estimator that seeks the best combination of
the columns of the mixing matrix, assuming the mixing matrix
is known or estimated beforehand [24]. All such methods,
however, do not take into consideration the temporal dynamic
structure of the signals for mixing matrix estimation and,
especially source reconstruction.

Methods for overcomplete BSS have also been proposed
for convolutive mixing. Some methods in auditory scene
analysis [25] use binary masking/clustering in the time–fre-
quency spectrogram to isolate the sources, assuming that every
time–frequency point belongs to one source [26], [27]. Methods

that combine ICA (in each frequency bin) with binary masking
have also been proposed [28]–[30]. Other methods work by
performing instantaneous overcomplete BSS on each frequency
bin separately, reconstruct the sources in each frequency bin
by either using an minimization approach or only allowing
one source component be active at a time, and correct for
permutations afterwards [31]–[33].

In this paper, we take our investigation of the dynamic tem-
poral structure a step further enabling us to build a general IVA-
based framework that can facilitate overcomplete convolutive
BSS as an extension to the more trouble-free undercomplete/
complete BSS. One common type of temporal dynamics, es-
pecially present in speech, is that the signals can have intermit-
tent silence periods, hence varying the set of active sources with
time. This feature can be used to improve separation in well-de-
termined undercomplete /complete cases,
and to deal with the ill-determined overcomplete case.
As the set of active sources for each time period decreases, the
degree of overcompleteness decreases locally. Hence,
by exploiting silence gaps, one is actually compensating for the
global degeneracy by making use of segments where it is lo-
cally less degenerate. An ICA-based approach to model active
and inactive intervals for instantaneous linear mixing BSS has
been proposed by Hirayama et al. [34]. This method models
the sources as a two-mixture of Gaussians with zero means and
unknown variances similar to that of IFA, and incorporates a
Markov model on a hidden variable that controls state of ac-
tivity or inactivity for each source. A complicated and ineffi-
cient three-layered hidden variable (one for the Markov state of
activity and two as in normal IFA) estimation algorithm based
on variational Bayes is implemented. Extending this to IVA for
convoluted mixtures proves to be even more complicated. In our
previous work, we proposed a simple and efficient algorithm
to model the states of activity and inactivity in the presence of
noise for the well determined complete/undercomplete cases of
convoluted mixing using a simple mixture model [35]. Unlike
the method in [34], where the on/off states were embedded in
the sources themselves, they were modeled more naturally as
controllers turning on and off the columns of the mixing ma-
trices. In this paper, we build upon our previous work to con-
struct a unifying IVA-based framework that can deal with the
challenging overcomplete case as well as the straightforward
complete/undercomplete case for convolutive mixing BSS. The
proposed algorithm has the following characteristics: 1) uti-
lizing inner-frequency dependencies to reduce the occurrence
of the well-known permutation problem; 2) incorporating ac-
tive/inactive feature of the dynamic temporal structure of the
sources so that the learning is performed on a local level; 3)
incorporating a Markovian support on top of the active/inactive
dynamics to be used for the ill-determined overcomplete case to
allow better separability when the sources overlap; 4) having the
capability of separating the sources when the number of sources
is possibly unknown; 5) applying an optimal and efficient min-
imum mean square error (MMSE) estimator for source recon-
struction using the outputs from the estimated mixing matrices
and state probabilities; 6) including white Gaussian noise in the
model framework. Various psycho-acoustic studies have con-
firmed that human listeners use similar strategies of exploiting
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silence gaps by“glimpsing” or listening in the gaps to iden-
tify target speech in adverse conditions of multiple competing
speakers [36, Sec. 4.3.2], [37], [38]. Consequently, we name our
algorithm “glimpsing independent vector analysis (G-IVA).”

The paper is organized as follows. Section II explains the gen-
erative convolutive model and derives the source distributions in
the frequency domain as a consequence of the dynamic modula-
tions of the signal in the time domain. Then, estimation proce-
dures for complete/undercomplete and overcomplete convolu-
tive BSS problems are presented and the source reconstruction
method is given. Section III gives some preprocessing and post-
processing techniques for faster convergence and further im-
provement. In Section IV, some results are evaluated. The main
focus of the results is on the overcomplete case, since it is more
challenging. Finally, in Section V, our conclusions are stated
and the main contributions of the paper are summarized.

II. CONVOLUTIVE MIXING MODEL

Assuming sensors and sources, with no restriction on
the relationship between and , the convolutedly mixed ob-
servation at the th sensor is

(1)

where is the th source in the time domain, is the
impulse response of duration linking the th source to the th
sensor, and is zero mean Gaussian white noise. The signals
are transformed to the frequency domain using the short-time
Fourier transform (STFT). The STFT takes the discrete Fourier
transform (DFT) of blocks (frames) of the signal using a sliding
window, hence creating a time–frequency representation of the
signal, commonly known as the spectrogram. We must note that
the window length of the STFT should be sufficiently large, en-
suring that the conversion from convolution in the time domain,
be approximated fairly by multiplication in the frequency do-
main. Using STFT, the th sensor observation at time block
and frequency bin becomes

(2)

where is the frequency domain representation of the th

source at bin and frame , is the frequency domain
noise at bin and frame added to the th sensor and having
variance . We can arrange (2) for all frequency bins

in matrix form as

(3)

where

...
. . .

...

and .2 is
the mixing matrix for the th frequency bin with its
entries being from (2). Since the noise is assumed white,
the covariance of the noise can be written as

...
. . .

...

where .

A. Source Distributions

Let be the th source in the time domain. By taking the
short-time Fourier transform (STFT) of source at time block

, the vector of frequency coefficients is

(4)

where ,
, is the STFT sliding window

length, is the DFT length , and is the sliding window
shift size . We assume that the time domain signal
at block is a realization of a zero mean stationary time series
with a power spectrum vector defined as

(5)

where with
, and is an absolutely summable autocorrelation func-

tion of the signal for block defined as

(6)

The spectrum is indexed by the frame index to capture the dy-
namic nature of the source signal, i.e., the statistics can vary
from frame to frame. Using the central limit theorem and noting
that the DFT bins are uncorrelated from each other, the fre-
quency domain vector of block , conditioned on the
power spectrum for that block is asymptotically distributed as a
complex zero mean multivariate Gaussian with diagonal covari-
ance as follows [39, theorem 4.4.1]:

(7)

Similar to hidden Markov models (HMMs) commonly used in
speech, to model the frame dynamics we associate the power
spectrum at block with a hidden variable/vector for that block
denoted as . Equation (7) can be rewritten as

(8)

2Throughout this paper� ,� , and� denote the transpose, complex con-
jugate and conjugate transpose of matrix/vector �, respectively.
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From (8), the unconditional probability density function (pdf)
of the Fourier coefficients vector of the sources for all blocks
can be written as

(9)

If the source signal has a dynamic power spectrum, modeled by
the hidden variable , (9) can be viewed as a mixture of infinite
Gaussians with zero means and varying diagonal covariances.
This is the well known GSM model [40]. Depending on the dis-
tribution of the scaling variable , [(9)] may or may
not have a closed-form expression. If it is assumed that the diag-
onal elements of the covariance matrix all have the same values,

(i.e., the signal being a white sta-
tionary time series for each block), and for instance, follows an

inverse Gamma distribution, then is the multivariate
spherical Student t-distribution [41, Sec. 2.3.7]. A similar spher-
ical GSM model was stated in the original IVA papers without
much discussion on why the distributions in the frequency do-
main followed such form [6], [7], [42]. In [6], [42], and [43], a
Gamma prior was employed and the resulting pdf (multivariate
K distribution) was approximated in the heavy tails region to be
the multivariate spherical Laplacian distribution. Palmer et al.
derived the GSM format for IVA independently in [44]. The re-
lationship between non-Gaussianity and the dynamic temporal
structure of the sources were also discussed in [8], [9], and [31].
For a more rigorous analytic investigation of frequency domain
ICA/IVA methods, we direct the reader to the dissertation in
[45].

If the time domain source signal has no temporal dy-
namics, then its power spectrum is constant over time for
all frames. This means that the overall distribution of the
variable controlling the power spectrum is a Dirac delta
function, . Consequently, the overall distri-

bution of the source will be Gaussian distributed,

. Since
Gaussian source signals cannot be separated by independence
analysis, the above discussion concludes that conventional
frequency domain ICA/IVA approaches cannot separate mixed
sources without time varying amplitudes.

In this paper, we approximate the GSM in (9) with a finite
number of Gaussians to form a GMM as follows:

(10)
where the variances and the mixture coefficients are
learned and fixed beforehand to approximate a multivariate
GSM model (if the model is directly learned from, say, speech
signals, we avoid including prolonged silence periods in the
data because silence information will be learned separately in
the next part of this paper). For our experiments, the spherical

form of (10), where has been found
to be sufficient. This simplifies the density function to

(11)

where is the identity matrix. This is mainly because
whitening is performed on each frequency bin separately as a
preprocessing step which makes the sources have roughly unit
variance for each frequency bin (see Section III-A1). Nonethe-
less, for the sake of generality, through the rest of this paper we
express the GMM as in (10).

The joint density of the independent sources is the product
of the marginal densities. Hence, we have

(12)

where , , and

...
. . .

...

with .

B. Active and Inactive States

We assume that each source signal will have silence periods
and to take advantage of this knowledge we associate two states
with each source. At any frame, each source can take on two
states, either active or inactive. For sources there will be a
total of states. As a convention throughout this paper we
will arbitrarily encode the states by a number between 1 and

with a circle around it. These states are the same for
all frequency bins and indicate which column vector(s) of the
mixing matrix is(are) present or absent.

Let the source indices form a set , then
any subset of could correspond to a set of active source in-
dices. For state , we denote the subset of active indices in
ascending order by , where

is the cardinality of (i.e., the number of active
sources at a frame). As an example if , their will be a
total of four states corresponding to the first source being ac-
tive, the second source being active, both being active or none
being active. From (3) and using the source distribution of (10),
by effectively selecting the columns of the mixing matrices that
correspond to each state, it can be easily shown that the observa-
tion density function for state , regardless of being overcom-
plete/complete/undercomplete is

(13)
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where ,

, and

...
. . .

...

with being an subset of the

full matrix containing only the to columns,
and

...
. . .

...

with . When all

the sources are active, the observation density in (13) uses the
full mixing matrix and when none of the sources are active, the
observation density reduces to white Gaussian noise.

C. Complete/Undercomplete Case

1) Log-Likelihood: When there are equal or more sen-
sors than sources , each observation point
in the sensor space generated from a specific state of ac-
tivity/inactivity is assumed to be independent from the next
state in time, establishing a mixture model for the states (i.e.,
zero-order Markov model, see Section II-D for further dis-
cussion). By introducing an indicator function, , defined
to be equal to unity when at time it obeys state and zero
otherwise, the joint log-likelihood of the sensor observations
and hidden variables (indicator variables) of data points,

can be written as

(14)

where is the collection of all the unknown parameters, con-
sisting of the mixing matrices, the mixing coefficients of the
states , ) and the noise covariance matrix. Notice
that the number of parameters in this model have not changed
compared to the previous section. However, the mixing ma-
trices have been broken down into partitions where each will
be learned in a more controlled and specialized manner.

2) EM Parameter Estimation: The expectation–maximiza-
tion (EM) algorithm guarantees to hill-climb the likelihood of
observations by taking the expectation of (14) with respect to
the hidden variables conditioned on the observations and the last
update of parameters from the maximization step, indicated as

[46]. After some manipulation the E-step becomes

(15)

Fig. 1. Data in the sensor space of � � ��� Hz (after whitening) for an over-
complete representation of three sources using two sensors with ground truth
states of activity.

The M-step includes updating the mixture coefficients as

(16)

and taking a couple of steps in the gradient direction of the
mixing matrices and the noise covariance

(17)

(18)

The derivation of the numerators on the RHS of (17) and (18)
are shown in Appendix A.

D. Overcomplete Case

1) Hidden Markov Model: In the overcomplete case ,
since the distribution of the data in the sensor space is lower in
dimension than the source space, data points belonging to dif-
ferent states of activity can be overlapping. To illustrate such
overlapping, Fig. 1 gives an example of the empirical distribu-
tion in the sensor space for an overcomplete representation of
three sources using two sensors such that each point is color-
coded to represent the ground truth state of activity. In order to
compensate for this overlapping, a first-order Markovian state
structure is incorporated using HMMs, enabling us to make use
of the temporal dependencies and estimate the states more ac-
curately compared to the mixture model employed for the com-
plete/undercomplete case provided earlier. In order to assure
smooth transitions between the states, a non-ergodic HMM is
used which assumes that at each new time instant, at most one
source can appear or disappear. The HMM transition diagram
is depicted in Fig. 2 for the example of . It is clear
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Fig. 2. State transition diagram for� � � assuming that at most one source
can appear or disappear at a time.

that for complete/undercomplete case discussed earlier, a sim-
ilar first-order Markovian structure can be used instead of the
zero-order mixture model. However, our experiments show that
for this case the Markovian property does not give us an extra
advantage and the simpler mixture model is sufficient to find
the correct state estimates. This is naturally due to the fact that
as the problem is upgraded to a complete/undercomplete set-
ting, the extra dimension(s) that is(are) added to the sensor space
would reduce the overlapping of the states. On the other hand,
for the overcomplete case the zero-order mixture model can also
be utilized, however, due to the mixture model’s discriminative
way of state estimation (classification), the overlap between the
states is not taken into consideration resulting in a poor state
estimation.

2) HMM EM Parameter Estimation: Again, EM algorithm
is used to learn the HMM initial probabilities , the HMM
transition probabilities ,
the mixing matrices and noise covariance [47]. The E-step
consists of finding the probability

from the forward/backward prob-
abilities and

, using the
relation

(19)

and the forward/backward recursions of

(20)

with initial values

(21)

The M-Step consists of updating the initial and transition prob-
abilities as

(22)

(23)

and taking a couple of steps along the gradient of the auxiliary
Q function with respect to the mixing matrices and the noise
covariance

(24)

(25)

The entries in the numerators of (24) and (25) are found the same
way as for the well-determined case (see Appendix A).

E. Source Reconstruction

Once the parameters have been estimated (denoted as
and ), we reconstruct the signals using the MMSE estimator
through Bayesian inference

(26)

where is the soft indicator function obtained from the
last iteration (converged) of the E-step described as3

(27)
and

(28)

where and

.

3the superscript�� denotes that it comes from the last iteration of the E-step.
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Fig. 3. Bottom-up progressive model for� � �. It starts with the sparsest representation assuming that at each time at most one source can be active (left), then
advances to an intermediate case where at most two can be active simultaneously (middle). Finally, the full model is used allowing up to three simultaneously
active sources (right). The mixing matrix estimates of each step is used as the initial values for the next step.

III. PRE/POSTPROCESSING

A. Preprocessing

1) Whitening: Prior to learning the mixing matrices,
whitening is done on each frequency separately, making it
easier for the algorithm to converge to a solution. Because
the whitening matrix for each frequency bin is different, the
noise covariances are scaled differently from one frequency
bin to another. Assuming that the whitening matrix for
bin is , the noise covariance for bin after whitening
becomes . Therefore, some minor modifications
need to be made to the gradients in the M-Step to ensure that
the noise covariance is scaled properly. The GMM parameters
used to model the sources were learned by fitting a spherical
multivariate GMM [(11)] with three mixture components, to
a 20-min-long continuous speech with no prolonged silence
periods and normalized to unit variance speech for each fre-
quency bin. The speech is normalized to unit variance for
each frequency bin separately because whitening is preformed
on the sensor data for each frequency bin separately as well.
Doing so, also, makes the distribution closer to the spherical
representation in (11).

2) Initialization of the Mixing Matrices Using a Sparser
Model: For the overcomplete case where the estimation
problem becomes a harder task and more sensitive to initial
values of the mixing matrices, simpler and sparser intermediate
models can be used to create good initial values to be used in
the proposed EM algorithm that uses the full model (shown
in Fig. 2 for ). For example, one can start with the
sparsest model which assumes that at each time at most one
source can be active, and after some iterations, slowly advance
to intermediate sparse models that allow more simultaneously
active sources. The state dynamic diagram for such a progres-
sive model is illustrated in Fig. 3 for . Running the
algorithm using such sparse models as a preprocessing step
would attempt to find the star-like legs associated with the
columns of the mixing matrices (as seen in Fig. 1) without
caring about their overlap when two or more sources are active.
This estimate of the mixing matrix is a good initialization for
learning the mixing matrix and state probabilities using the full
dynamic model which eventually leads to better estimates and
faster convergence. This initialization technique is somewhat

similar to the bottom-up hierarchical clustering method used
in [31] to estimate the mixing matrices but it is done on the
vector of frequency bins to significantly reduce permutations
in the columns of mixing matrices from one bin to another.
In our experiments, we use such a technique to initialize the
mixing matrices for difficult cases for example when we have
two sensors and four sources (Experiment C in Section IV-C).

B. Postprocessing

1) Adjusting Scales and the Inverse Fourier Transform: One
indeterminacy in BSS is that the sources can be multiplied by
an arbitrary scalar without violating the underlying assumption.
As a consequence, the scaling problem needs to be solved in
the frequency bins either by adjusting the source variances or
by scaling the estimated mixing matrices. Since the sources are
dynamic with varying variances, it would be simpler to scale
the estimated mixing matrices using the well-known minimal
distortion principle [48] in each frequency bin prior to source
reconstruction. After the sources have been reconstructed using
the MMSE estimator described in Section II-E, the inverse
Fourier transform using the overlap add method is used to
reconstruct the time domain signals.

2) Glimpsing Across Frequency Bins: So far our proposed al-
gorithm was based on “glimpsing in time” or taking advantage
of the different combination of silence gaps on the local tem-
poral level where the problem could be less degenerate. This
means that our estimated states of activity are the same for all
frequency bins. However, in reality, when a dynamic signal like
speech is active in a time frame, it is not necessarily active
across all frequency bins of the same time frame in the spec-
trogram. Obviously, when the signal is inactive in a time frame,
it is also inactive across all frequency bins in that time frame.
This means that sparsity in time (“glimpsing in time”) comes be-
fore sparsity in frequency domain (“glimpsing in frequency”).
Therefore, if one wants to exploit sparsity in the frequency bins,
a rerun of the algorithm can be done for each frequency bin
separately as a postprocessing step using the estimated param-
eters from our proposed algorithm as initial values. One can
also restrict the corresponding bin-wise-state probabilities at a
time–frequency block to be less than or equal to the
converged state probabilities obtained from the main
approach . This ensures that the states are
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not declared active for a time–frequency block when it is de-
clared inactive at that time frame. Our experiments show that
even though such postprocessing is done on each frequency bin
separately, little permutation of the sources for different fre-
quency bins takes place which is due to using estimated ma-
trices from the proposed IVA method as initial conditions for
the bin-wise rerun of the algorithm. To correct for the permuta-
tion that might exist, we use the recent and effective method in
[5]. The pseudo-code in Algorithm 1 displays the steps taken for
the“glimpsing in frequency” postprocessing step. This postpro-
cessing method also has a de-noising effect which suppresses
the noise present in the areas of the spectrogram of the sources
where no time–frequency activity is present.

Algorithm 1 Glimpsing IVA + Glimpsing in Frequency
Postprocessing

Glimpsing IVA: Perform G-IVA described in
Sections II-C/II-D to obtain , , and

, ,

Glimpsing in Frequency:

for do

Perform glimpsing algorithm described in
Sections II-C/II-D for each frequency dimension
separately using as initial conditions and
obtain updates and , ,

if then

else

end if

Reconstruct the sources in each bin

end for

Permutation Correction: Use the method in [5] with an
option to choose of source activity in bin

obtained from

IV. EXPERIMENTAL RESULTS

In this section, we perform some experiments using real and
simulated data. Simulated data was created using the image
method in [49] which simulates the impulse response between
a source and a sensor for a rectangular room environment.
We evaluate the performance for both well-determined com-
plete/undercomplete and ill-determined overcomplete cases.
However, since the overcomplete case is more difficult and
less straightforward, we will focus most of our experiments
on the overcomplete case. For the complete case ,
the proposed glimpsing IVA algorithm (denoted as G-IVA)
is compared to the well-known IVA algorithm [6]. For the
overcomplete case, the proposed algorithm is compared to the
time–frequency masking algorithm of Sawada et al. [33]. This
algorithm uses the clustering along oriented lines method in
[20] in each frequency bin which permits only one frequency
be active at each time, and then uses the method in [5], which
is a simpler and improved version of the method in [2], to
effectively correct for permutations of sources in different
frequency bins. The performances were evaluated using the
signal to disturbance ratio described as shown in (29)
at the bottom of the page, where and

is the time-varying reconstruction matrix
obtained from the MMSE estimator for bin and block
described in Section II-E. is the total signal power of
direct channels versus the signal power stemming from cross
interference and noise combined, therefore giving a reasonable
performance measurement for noisy situations. In addition
to evaluation using SDR, for the overcomplete case, we also
compare the machine intelligibility of the separated sources
using a continuous speech recognizer.

We assumed a room size of with the micro-
phones and the sources having the same height of 1.5 m. Experi-
ments were carried out using different sources with different an-
gles with respect to the microphones. Fig. 4 illustrates the sim-
ulated room setting along with the microphones used for each
experiment. For all the experiments, we assumed a reverbera-
tion time of 200 ms. Each experiment was repeated for four dif-
ferent noise levels measured by the input signal to noise ratio

defined as

(30)

(29)
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Fig. 4. Simulated room setup. The heights of the microphones and sources
are 1.5 m. Three different experiments (A,B,C) using different combinations
of sources 1–10 were carried out for the overcomplete case using two micro-
phones (� and �). For the complete case two experiments (A,B) were carried
out using three microphones (�, �, and �). Each experiment was repeated for
four different noise levels. Experiments A and B have all female speech sources
while experiment C has one male and three female sources. Reverberation time
for all experiments was 200 ms.

To evaluate the performance improvement, a measurement for
the input SDR of the convolutive mixture is needed. Since the
contribution of each source in the mixture comes from each
column of the mixing matrices [rather than the diagonal ele-
ments as seen in the output SDR of (29)], the input SDR needs
to be calculated for each source separately based on the columns
of the mixing matrices. Therefore, we define the average input
SDR as follows:

(31)

where indicates the vector 2-norm and is the th column
of matrix . A 512-point DFT with a STFT window length
of 512 with 75% overlap is used at a sampling rate of 8 kHz. The
stopping rule for the algorithms was when the log-likelihood of
the ratio between the increase in the log-likelihood over the pre-
vious value of the log-likelihood did not increase by . Real
data was gathered in a lab/conference room, where loudspeakers
were placed on a table in front of the pair of microphones about
1 m away and each playing a female speech signal.

A. Complete Case

Experiments A (sources 3,6,8) and B (sources 2,5,9) in Fig. 4
were performed using the three microphones . Both
Experiments A and B have female voices for all the sources.
The evaluation for Experiments A and B are shown in Fig. 5,
where the performance of proposed G-IVA for the complete
case , denoted as G-IVA 3 3, along with the
performance after postprocessing using glimpsing across fre-
quency bins described in Section III-B2, is compared to the
performance of the regular IVA method. The is also

Fig. 5. Performance evaluation for the complete case. Top: Experiment A.
Bottom: Experiment B.

given to illustrate the improvement. These panels show
that the performance of the proposed algorithm is higher than
that of standard IVA, even at the highest . The advan-
tage of the proposed algorithm is most likely due to two factors.
One is that it exploits the silent regions in the sources to learn
the mixing matrices in a more specialized fashion, therefore, re-
sulting in a higher for even high . The other is
that the proposed algorithm models noise and learns its level,
whereas IVA does not. That is why IVA degrades more rapidly
for low compared to G-IVA. Fig. 5 also demonstrates
that glimpsing in frequency postprocessing boosts the perfor-
mance of G-IVA. This is mainly due to the de-noising effect that
glimpsing in frequency has and listening to the separation re-
sults before and after the postprocessing verifies this de-noising
effect. The advantage of G-IVA over regular IVA comes with a
computational cost. The G-IVA 3 3 algorithm was coded in C
and run on an Intel 2.5-GHz processor with 4-GB RAM with an
average computation time of around 4.6 min (around 1.2 s per
iteration for 230 iterations). The IVA algorithm was coded in
Matlab (in an efficient matrix form structure to reduce compu-
tation time) with an average computation time of around 1 min
(around 0.24 s per iteration for 250 iterations).
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Fig. 6. Case of unknown number of sources. It was assumed that� � � where the number of sources was actually equal to 2. Left: separated signals using IVA.
Right: separated signals using G-IVA.

B. Unknown Number of Sources Using a Complete Setting

In BSS approaches for real world problems, it is usually the
case that the total number of sources are unknown. One common
approach that is used to deal with such an issue is to assume
a large enough number of sources, hoping that the assumed
number of sources would be larger than the actual number of
sources. Because G-IVA seeks the active and inactive periods of
the sources, we expect that the redundant sources be estimated
as completely inactive for all times. To explore this situation,
we set up an example where we assume , however,
with the actual number of sources being equal to 2. The sources
are located in positions 3 and 6 in Fig. 4 using all three micro-
phones with an dB . The separated sources are
shown in Fig. 6 using G-IVA and regular IVA. G-IVA is able to
successfully zero out the third redundant source while IVA still
outputs some residue from the noise.

C. Overcomplete Case

For the ill-determined overcomplete case, Experiments A
and B carried out earlier for the complete case are repeated
now using only two microphones ( and ). A more difficult
setup of four sources in Experiment C (sources 1, 4, 7, 10)
using only two microphones ( and ) is also carried out.
Overcomplete G-IVA is employed as well as the glimpsing in
frequency as a postprocessing step. Their performances are then
compared to the time–frequency masking method of Sawada et
al.. The overcomplete G-IVA algorithm was coded in C and for
Experiment A took an average computation convergence time
of around 5 min (around 1.2 s per iteration for 250 iterations).
Sawada et al.’s time–frequency masking method which was
implemented efficiently in Matlab took around 45 s in total
(around 0.35 s per iteration for all frequency bins combined
for an average of 100 iterations per bin and about 10 s for
permutation correction) to converge. As an upper performance
measure, cases where extra microphone(s) is(are) added to
turn the problem into a complete problem is considered and
separated using the complete mode of G-IVA. All these per-
formances are illustrated in Fig. 7 for comparison. These plots
show that G-IVA in general performs better than the time–fre-
quency masking method of Sawada et al.. It can also be seen
from Fig. 7 that the glimpsing across frequency postprocessing
increases the of overcomplete G-IVA. However, when
listening to the reconstructed sources after this postprocessing,

some synthetic artifacts commonly known as musical noise is
introduced due to its greedy de-noisng effect across frequencies
(the same was true for the experiments of the complete case
in Section IV-A). Because Sawada et al.’s time–frequency
masking method, is a bin-wise separation method similar to
glimpsing across frequencies, it too possesses this musical
noise after separation. Nevertheless, for even high
this musical noise seems to be still present, especially when
using Sawada et al.’s time–frequency masking method for
separation. This is due to it being greedier than the glimpsing
across frequencies method as it allows each time–frequency
block to be active for only one source.

In order to investigate the effect of musical noise on ma-
chine intelligibility, we pass the separated signals using G-IVA
(without any postprocessing) and Sawada et al.’s time–fre-
quency masking algorithms through an automatic speech
recognizer. For our experiments we choose a very high
of around 30(dB) to minimize the effect of the input white noise
on the reconstructed sources. In order to simplify training, we
perform the recognition on a limited vocabulary set of digits
0–9. Cambridge university hidden Markov toolkit (HTK)
is used to train the recognizer. A batch of 36 male English
speakers each uttering the digits 0–9 is utilized for the training.
A batch of some other 20 male speakers make up the sources to
be separated and tested. Each source comprises of two speakers
uttering a total of 20 digits in a random order with random
silence between each utterances. The average length of the
sources in all the experiments was about 11 s with a sampling
rate of 8 kHz. Fig. 8 illustrates the digit error percentage
for ten experiments where each experiment corresponds to a
configuration of different source angles. Each experiment is
repeated twice with different speakers and the error rate shown
in each bar is the average value of the two. Sources were mixed
in the simulated room in Fig. 4 with a reverberation time of 200
ms, microphone spacing of 10 cm, and distance of sources to
microphone of 1.5 m. Fig. 8 demonstrates that G-IVA has less
recognition errors in all the experiments compared to Sawada
et al.’s time–frequency masking. Since, the speech recognizer
was trained on clean data, a higher recognition of the former
algorithm indicates it has less interference and/or artifacts such
as musical noise compared to the latter algorithm.

Fig. 9 shows the true and recovered sources along with the
estimated probability of each source being active for the over-
complete case of Experiment A and dB . The
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Fig. 7. Performance evaluation for the overcomplete case. Top: Experiment A.
Middle: Experiment B. Bottom: Experiment C.

probability of source being active for frame can be found
by adding the estimated states that correspond to in-
clusion of matrix column . Also, the estimated state prob-
abilities as well as the local for each frame
are shown next to the true sources in Fig. 10. Figs. 11 and 12
illustrate the same information for the harder case of Exper-
iment C with . These figures show that the
proposed algorithm is able to reconstruct the sources success-
fully and effectively detect the silence gaps by incorporating

Fig. 8. Digit error percentage of separated sources in an overcomplete setting
of three speakers and two microphones using a continuous speech recognizer.
The left bar is the error rate after separating using Sawada’s time–frequency
masking algorithm and the right bar is the error rate after separating using G-IVA
algorithm. Each source comprises of two speakers uttering a total of 20 digits
in a random order with random silence between each utterances. The average
length of the sources in all the experiments is about 11 s with a sampling rate of
8 kHz. Each experiment is repeated twice with different speakers and the error
rate shown in each bar is the average value of the two. The sources were mixed
in the simulated room in Fig. 4 with a reverberation time of 200 ms, microphone
spacing of 10 cm, and distance of sources to microphone of 1.5 m. The error per-
centage of the original sources before mixing was around %1. Each experiment
refers to a different configuration of the sources with respect to the vertical cen-
terline between the microphones. 1: ���� � �� �; 2: ���� � � �� �; 3:
���� � �� �; 4: ���� ��� � �; 5: ���� �� 	� �; 6: ���� ��� � �;
7: ���� � �� �; 8: ���� � �� �; 9: ���� � �� �; 10: ���� ��� �� �.

the best model based on the different combinations of silence
gaps. Finally, we recorded real data in an ordinary lab/confer-
ence room setting. The sources consisted of three loudspeakers
positioned on a table about 1 m away from the two microphones.
The sources were also recorded separately by one of the micro-
phones when played one at a time, and synchronized with the
original recording. This was done in order to create a perceptual
comparison measure. The separation results yielding good per-
ceptual separation are presented in Fig. 13. Furthermore, the es-
timated state probabilities are shown next to the sources
in Fig. 14. These audio files along with more information are
available at our website.4

V. DISCUSSION AND CONCLUSION

We have proposed a novel approach that can solve for the
intricate overcomplete convolutive BSS as an extension to the
more straightforward complete/undercomplete case, using a
unifying framework that incorporates the temporal structure
of silent gaps present in many dynamic signals, especially
speech. Our proposed method extends the main concept behind
IVA which exploits the inner-frequency dependencies of each
source while maintaining the same underlying assumption
of independence from one source to another, therefore sig-
nificantly reducing the occurrence of wrong permutations.
By mimicking the separation strategy of the human hearing
system, this algorithm is able to exploit the local decrease of
degeneracy during the different combinations of silent gaps of
the sources allowing it to cover all possible states from when

4http://dsp.ucsd.edu/~ali/glimpsing/.
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Fig. 9. Experimental results of a simulated room mixing of three sources using two microphones (Experiment A, ��� � ���� dB). Top: true sources.
Middle: separated sources. Bottom: estimated probability of source activity.

Fig. 10. Experimental results of a simulated room mixing of three sources using two microphones (Experiment A,��� � ����dB). First row: local block-wise
��� . Second row: estimated state probabilities. Third to fifth row: true sources.

Fig. 11. Experimental results of a simulated room mixing of four sources using two microphones (Experiment C, ��� � ���� dB). Top: true sources.
Middle: separated sources. Bottom: estimated probabilities of source activity.

all sources are active to when only one is active at each instant,
therefore doing its best to compensate for the apparent global
degeneracy. The algorithm works naturally by learning the
columns of the mixing matrices in a specialized fashion based
on the probability of being in each state and reconstructs the
sources using an efficient and optimal (in the mean square
sense) MMSE estimator incorporating the converged state
estimates. The algorithm was able to outperform IVA in the
classical complete/undercomplete cases of convolutive BSS
(albeit with longer computation times), especially in environ-
ments with high noise levels (due to it having the extra feature
of modeling additive noise). Furthermore, for the more chal-
lenging overcomplete case, improved separation results were
achieved compared to a robust sparsity-based time–frequency
masking method, using both SDR and machine intelligibility

of a speech recognizer as the performance measurements. The
hard on–off switching of the source activities is a good benefit
for automatic speech recognition systems since it avoids wrong
insertions due to residual interfering noise. On the other hand,
if the BSS system is intended for human listeners the on–off
switching effect could make the speech sound choppy and
perceptually undesirable, hence solutions to this issue is worth
being investigated.

A drawback of the proposed algorithm is that the number of
states, and along with it the computational cost, will grow expo-
nentially as the number of sources increases. This intractability
for large number of sources, of course, is not unique to G-IVA
and is shared by other state-based models. For large number
of sources, in general, approximations can be made to make it
computationally tractable. One way is to reduce the maximum
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Fig. 12. Experimental results of a simulated room mixing of four sources using two microphones (Experiment C, ��� � ���� dB). First row: local block-wise
��� . Second row: estimated state probabilities. Third to sixth row: true sources.

Fig. 13. Experimental results of real recording of three sources in a lab room using two microphones. Top: true sources (recorded separately). Middle: separated
sources. Bottom: probability of source activity.

Fig. 14. Estimated state probabilities (top) along with the true sources (recorded separately) for a real room recording of three sources using two microphones.

number of active sources (in each frequency bin separately or
for all bins) based on the sparsity present in the signals. For ex-
ample if there are sources but the activity patterns
present in the sources are sparse enough that, roughly speaking,
at most two sources are active simultaneously, then by limiting
the model to allow maximum of two sources active at each time,
the number of permissible states reduces dramatically and the
problem becomes somewhat tractable. Similar constraints on
sparsity is used in the domain of dictionary learning for sparse
signal recovery [50]. Also, in order to ease the complex patterns

possible in the state transitions for the overcomplete case, we
have utilized a non-ergodic trellis that allows for at most one
source to appear or disappear at each transition. This, to some
limited degree, reduces the complexity as well. Other approx-
imations using variational methods (as in [14]) might also be
useful.

Another issue that deserves a discussion is the problem of
unknown number of sources. The algorithm showed it has the
ability of effectively zeroing out redundant sources in case
the true number of sources is unknown. In order to do this an
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overkill strategy of using a large enough number of sources
with equal number of sensors ( complete setting) is
assumed. The experiment that was carried out assumed an
overkill of three sources and three sensors while the number of
true sources was two. Similar experiments were also carried out
for a more challenging problem of unknown sources using an
overcomplete setting. For example, the true number of sources
is two while we assume three sources but recorded using only
two sensors. This problem becomes extremely hard and sensi-
tive to initial values, and even intelligent initializations using
the bottom-up progressive model that we proposed, does not
often result in zeroing out the redundant source. This indicates
that some refinements are needed to make the approach more
robust for such situations.

APPENDIX A
DERIVATION OF THE GRADIENTS

(32)

with . The entries of (32) can be
found by

(33)

and

(34)

where

(35)

where , , and stand for Kronecker product, column-wise
vectorization and absolute value of the determinant,
respectively.

Similarly, the gradient with respect to the noise covariance is

(36)

(37)

and

(38)
and

(39)
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