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Abstract—This paper proposes a method for performing blind
source separation (BSS) and blind dereverberation (BD) at
the same time for speech mixtures. In most previous studies,
BSS and BD have been investigated separately. The separation
performance of conventional BSS methods deteriorates as the
reverberation time increases while many existing BD methods
rely on the assumption that there is only one sound source in a
room. Therefore, it has been difficult to perform both BSS and BD
when the reverberation time is long. The proposed method uses a
network, in which dereverberation and separation networks are
connected in tandem, to estimate source signals. The parameters
for the dereverberation network (prediction matrices) and those
for the separation network (separation matrices) are jointly
optimized. This enables a BD process to take a BSS process into
account. The prediction and separation matrices are alternately
optimized with each depending on the other; hence, we call the
proposed method the conditional separation and dereverberation
(CSD) method. Comprehensive evaluation results are reported,
where all the speech materials contained in the complete test set
of the TIMIT corpus are used. The CSD method improves the
signal-to-interference ratio by an average of about 4 dB over the
conventional frequency-domain BSS approach for reverberation
times of 0.3 and 0.5 s. The direct-to-reverberation ratio is also
improved by about 10 dB.

Index Terms—Blind source separation (BSS), blind dereverber-
ation (BD), conditional separation and dereverberation (CSD).

I. INTRODUCTION

S OUNDS of interest captured by distant microphones in a
room are often reverberated and coupled with interfering

sounds emitted by other sources. This has greatly restricted the
application range of audio and speech processing technologies
including teleconferencing and automatic speech recognition.
Therefore, it is essential to mitigate unfavorable acoustic distur-
bances.

Blind source separation (BSS) and blind dereverberation
(BD) are conventional approaches toward this goal. BSS
separates sound mixtures while BD removes the effect of
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reverberation. Hence, if we can achieve both BSS and BD, the
effects of the acoustic disturbances in a room are removed and
the individual source signals are recovered. Both approaches
have been intensively investigated for decades. Most previous
studies have dealt with only one of these two research subjects.
Unfortunately, on one hand, the performance of existing BSS
methods deteriorates as the reverberation time increases. On
the other hand, almost all existing BD methods rely on the
assumption that there is only one sound source in a room
(These methods will be reviewed in Section II). For those
reasons, simply concatenating the BSS and BD methods will
not lead to the satisfactory restoration of the individual source
signals under highly reverberant conditions. This indicates the
necessity for performing BSS and BD simultaneously.

There have been some studies published that consider simul-
taneous BSS and BD. For example, a two-stage method is pro-
posed in [1], which consists of two steps: channel identification
and signal estimation. The estimate step is further divided into
two parts: separation and dereverberation part. The drawback of
this method is that it requires knowledge of single talk periods
before it can identify the channels. By contrast, TRINICON pro-
posed in [2], [3] was designed to perform BSS and BD simul-
taneously without the need for such prior knowledge. While
[2] focuses on using second order statistics, [3] uses both the
second and higher order statistics. TRINICON was proved ca-
pable of separating reverberant speech mixtures. However, to
the best of our knowledge, no experimental dereverberation re-
sults have yet been reported. In the field of wireless communi-
cation, many multiple-input multiple-output (MIMO) channel
equalization methods have been proposed (see, for example,
[4]). However, those methods are ineffective for audio because
speech signals are colored and nonstationary and the impulse
responses of acoustical transmission channels are very long.

In this paper, we propose a new method for performing BSS
and BD simultaneously. The proposed method estimates the in-
dividual source signals by using a network in which derever-
beration and separation networks are connected in tandem. The
parameters for the dereverberation network (i.e., prediction ma-
trices) and those for the separation network (i.e., separation ma-
trices) are jointly optimized. This enables us to perform BD in
conjunction with a BSS process. The experimental results re-
ported in this paper reveal that the proposed method is effective
for both separation and dereverberation. Unlike the method de-
scribed in [1], the proposed method does not require a priori
knowledge of single talk periods.

The rest of this paper is organized as follows. Section II pro-
vides a review of existing methods and overviews a new idea
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presented in this paper. Sections III–V are devoted to the deriva-
tion of the proposed method for equal numbers of sources and
microphones. The proposed method is based on maximum-like-
lihood estimation. Section III defines a microphone-signal gen-
eration model, which is equivalent to the above-mentioned dere-
verberation–separation network used for source signal estima-
tion. Then, Section IV presents the log likelihood function, and
Section V describes an optimization algorithm for this log like-
lihood function. This algorithm is generalized in Section VI for
the case where we may have more microphones than sources.
Section VII reports experimental results, and Section VIII con-
cludes this paper.

II. EXISTING METHODS AND NEW IDEA

We begin by formulating the task that we address in this
paper. We assume that there are sound sources and
microphones in a room and that . Let denote
the acoustic signal emitted by the th source and de-
note the acoustic signal received by the th microphone. The
source signals, , are reverberated and mixed
together to yield while propagating from
the sound sources to the microphones. We represent all source
signals and all microphone signals in vector form as

(1)

(2)

respectively, where superscript stands for transpose. Since the
acoustical transmission channels from the sources to the micro-
phones can be regarded as causal linear time-invariant (LTI) sys-
tems, we have

(3)

where the th entries of -by- matrices
constitute the room impulse response from the

th source to the th microphone. (Note that our definition
of MIMO convolution takes the transpose of a left operand for
real-valued data. For complex-valued data, we use a conjugate
transpose. The use of a conjugate transpose enables us to
simplify the description of the optimization algorithm that we
explain later.)

Now, suppose that we observe samples of the microphone
signals. Let and be the sets of and , respec-
tively, over the whole observation period so that we have

(4)

(5)

Then, the task of interest is the estimation of the source signal
data, , from the observed signal data, , up to constant
scaling and permutation. In this paper, we consider batch pro-
cessing.

BSS and BD are techniques that can perform part of the above
task. We briefly review the existing BSS and BD methods in
Sections II-A and II-B, respectively. Then, we review the BD
method called the weighted prediction error (WPE) method in

Section II-C. In Section II-D, we describe a new idea, which
leads to the proposed method, based on a discussion of the WPE
method.

A. Blind Source Separation (BSS)

The goal of BSS is usually defined as the recovery of source
signals up to an LTI filter and permutation. There are two
common approaches to BSS.

The first approach is the time-domain BSS (see, e.g., [5], [6]).
This approach estimates source signal vector by applying
an -input -output separation filter (i.e., a MIMO filter)
to observed signal vector . To separate sound mixtures with
the time-domain BSS approach, it is necessary to set the sepa-
ration filter order at a value that exceeds the room reverberation
time. Therefore, if the reverberation time is long, the separa-
tion filter order becomes very large. This means that the com-
putational cost becomes huge and the convergence rate becomes
poor.

The second approach is the frequency-domain BSS (see,
e.g., [7], [8]). This approach estimates source signals in the
frequency domain. The separation MIMO filter convolution is
thereby approximated by a set of separation matrix multipli-
cations at individual frequency bins. Most frequency-domain
BSS methods optimize these separation matrices independently
for each frequency bin, thereby avoiding the slow convergence
problem.

The processing flow of frequency-domain BSS may be de-
scribed as follows. Let and denote the short time
spectral components of and , respectively, at the
th time frame and the th frequency bin. We express the source

and microphone spectral components in vector form as

(6)

(7)

respectively. and denote the set of all source spectral
components corresponding to and that of all observed spec-
tral components corresponding to , respectively, i.e.,

(8)

(9)

where is the number of time frames corresponding to the
time-domain sample number, , and is the number of fre-
quency bins. Specifically, while

, where is the ceiling operator, and
and are the frame length and shift, respectively.

For each , the frequency-domain BSS approach estimates the
source spectral component vector, , by applying a separation
matrix to the observed spectral component vector, . Thus, an
output spectral component vector of length , is obtained
as

(10)

where denotes the -by- separation matrix for the th
frequency bin and superscript stands for conjugate transpose.

is optimized so that the individual elements of the output
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spectral component vector, , become statistically as indepen-
dent of each other as possible.

After that, the scaling and permutation problems have to be
solved. The scaling problem refers to the necessity of scaling
the columns of the separation matrices, , to pre-
vent the separated spectra from being distorted. The permutation
problem refers to the necessity of permuting the columns of the
separation matrices to align the orders of the separated spec-
tral components over all frequency bins. The scaling problem
may be solved based on the minimal distortion principle [9]. As
regards the permutation problem, many methods are available
although it still appears to be an open issue. See, for example
[7], for more detail.

The fundamental defect of the frequency-domain BSS ap-
proach is that it is incapable of separating highly reverberant
mixtures [10]. As a consequence, the applicability of the ex-
isting frequency-domain BSS methods is limited to moderate
reverberation conditions.

This limitation will be overcome if we can eliminate the ef-
fect of reverberation before performing BSS. Thus, we wish to
achieve BD prior to frequency-domain BSS. Since frequency-
domain BSS estimates source signals with linear operations,
the output signals of the BD process (i.e., dereverberated but
still mixed signals) must have a linear relationship with the
source signals. Keeping this in mind, we review the existing BD
methods below.

B. Blind Dereverberation (BD)

Most studies on BD assume that there is only one sound
source in a room, i.e., . Under this assumption, BD
aims at recovering the source signal up to constant scaling. (In
fact, several BD methods combined with noise suppressors have
also been proposed [11]–[13]. The noise suppressors of these
methods are based on spectral subtraction. Because the estima-
tion of highly time-varying noise power spectra remains a dif-
ficult problem, these methods cannot cope with nonstationary
noise such as interfering speech.)

The existing BD methods may be divided into two classes.
The first class performs dereverberation based on spectral
subtraction [14], [15]. Because of the frame-by-frame modi-
fication of the power spectra, the dereverberated signal with
these methods has no linear relationship with the source signal.
Hence, this class of methods cannot be used for preprocessing
with BSS.

The other class of methods uses LTI filters to cancel the effect
of reverberation. This class includes a subspace method [16],
a maximum kurtosis method [17], and the weighted prediction
error (WPE) method [18]. In principle, BD methods using LTI
filters can be combined with BSS methods since the derever-
berated signals remain linearly related to the source signals. In
practice, however, we cannot estimate the source signals with
high accuracy simply by performing BD and BSS sequentially
using the existing methods (as shown by the experimental re-
sults reported in Section VII). This is because the existing BD
methods rely on a single source assumption and hence cannot
achieve dereverberation with sufficient accuracy when there are
two or more sound sources.

C. Weighted Prediction Error Method for Dereverberation

We now briefly review the WPE method for BD [11], [18].
The WPE method works in the time–frequency domain and is
based on a single source assumption.

The WPE method performs dereverberation by calculating a
multichannel linear prediction error in each frequency bin (Mul-
tichannel linear prediction, which forms the basis of the WPE
method, is outlined in Appendix A). If we choose the first micro-
phone as the prediction target, the dereverberated spectral com-
ponent is given by

(11)

(12)

where is the -input 1-output predic-
tion filter at the th frequency bin, is the prediction filter
order, and is the prediction step size.

In contrast to the conventional multichannel linear predic-
tion, which minimizes a mean square prediction error, the WPE
method calculates values that maxi-
mize a likelihood function derived from a time-varying all-pole
(TVAP) model of source spectra. Such a prediction filter can
be efficiently computed and achieves high dereverberation
performance.

The prediction step size is set at 2 or 3 for the WPE
method, although is usually used for conventional linear
prediction. was found to be effective for mitigating
the excessive decorrelation effect caused by linear prediction.
The excessive decorrelation effect refers to the phenomenon
whereby output spectral components are excessively decorre-
lated and dereverberation fails. This problem results from the
assumption that source spectral components are temporally un-
correlated (as with assumption (h3) described later). By making

greater than 1, the excessive decorrelation effect may be re-
duced at the expense of a certain coloration effect, which is the
consequence of the remaining early room reflections. A discus-
sion of this issue can be found in [19].

It is also important to note that time-frequency-domain fil-
tering like (11) is inevitably affected by spectral leakage be-
tween adjacent frequency bins. If we wish to achieve perfect
dereverberation, the effect of spectral leakage needs to be com-
pensated as in [20]. On the other hand, time–frequency-domain
filtering is advantageous in computational complexity and ease
of combination with frequency-domain BSS. In terms of per-
ceptual quality, dereverberated signals produced by the WPE
method appear to suffer little impairment except for the col-
oration effect noted above.

D. Idea Behind Proposed Method

Let us consider a multiple source case, where . Al-
though the WPE method was originally designed for a single
source case, it can mitigate the reverberation effect to some de-
gree even when there are multiple sound sources as shown by
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Fig. 1. Diagram of sequential BD-BSS method (two-source two-microphone
case).

the experimental results reported in Section VII. Thus, we con-
sider the use of the WPE method as a preprocessor for the fre-
quency-domain BSS approach as shown in Fig. 1, which illus-
trates the case of .

Because a BSS process requires at least different inputs,
the preceding BD process has to yield or more dereverber-
ated spectral components. Such dereverberated spectral compo-
nents can be obtained by using the WPE method as follows.

In (11), we used a prediction error with the first microphone.
In fact, we can use any microphone as the prediction target as

(13)

where denotes the prediction filter
for the th microphone spectral component, and is
the corresponding prediction error. Thus, we can obtain
different output spectral components . In
our experience with the WPE method, these components
are likely to be less reverberant than the observed spectral
components, . In other words, they may be
considered nearly instantaneous mixtures of the source spectral
components. Actually, according to the theory of multichannel
linear prediction, become nearly instan-
taneous mixtures by using appropriate prediction filters (see
Appendix A) although such prediction filters may not be able to
obtained with the WPE method. Note that these dereverberated
spectral components are linearly related to the source spectral
components since the dereverberation process given by (13) is
based on LTI filtering.

Now that different dereverberated spectral components
are available, we may try to separate them by using the conven-
tional frequency-domain BSS method. (Here, we focus on
of the spectral components to maintain consistency with
the proposed method, which uses the first dereverberated
spectral components as explained in Section VI.) To be more
precise, let us denote the vector of the first dereverberated
spectral components by , i.e.,

(14)

By multiplying by an -by- separation matrix, the sep-
arated and dereverberated spectral component vector may
be obtained as

(15)

Fig. 2. Diagram of CSD method (two-source two-microphone case).

However, unfortunately, this sequential approach does not pro-
vide a significant separation performance improvement over the
frequency-domain BSS approach as we will see in Section VII.

To overcome this limitation, we believe that a BD process
should be designed based on the assumption that its output
signals are fed into a BSS process. With this motivation,
we propose a method for determining the prediction filters,

, and the separation matrix
, where they cooperatively maximize a single objective

function. The proposed method alternately optimizes the pre-
diction filters and the separation matrix with each depending
on the other. Hence, we call the proposed method the condi-
tional separation and dereverberation (CSD) method. Fig. 2
shows a diagram of the CSD method. A comparison of Figs. 1
and 2 reveals the difference between the CSD and sequential
methods. Since the CSD method performs BSS and BD at the
same time, it provides a way to perform the task described at
the beginning of Section II.

As noted earlier, we define the objective function for the CSD
method based on the maximum-likelihood estimation approach.
Thus, we define a mirophone–signal generation model using the
prediction filters and the separation matrix, and then describe the
log likelihood function of the prediction filters and separation
matrices in the subsequent two sections.

III. GENERATION MODEL FOR MICROPHONE SIGNALS

From this section to Section V, we assume that the number
of sources is equal to the number of microphones, i.e.,

. This is needed to prevent the cross correlation matrices be-
tween microphones from becoming rank deficient and thereby
ensuring the likelihood function computable at any point in a pa-
rameter space. Based on this assumption, we derive an algorithm
for the CSD method. A generalized algorithm for
will be described in Section VI, but for now we rewrite both
and as because of this assumption.

As shown in Fig. 2, the CSD method estimates source spectral
components by using dereverberation and separation networks
as

(16)

(17)

Matrix is defined as

(18)



YOSHIOKA et al.: BLIND SEPARATION AND DEREVERBERATION OF SPEECH MIXTURES BY JOINT OPTIMIZATION 73

Fig. 3. Schematic diagram of IMAR model.

where is the prediction filter for the th microphone.
Hereafter, we refer to as a prediction matrix. Note that
in (16) is identical to in (14) with .

Let us assume that, for all frequency bin indices , there ex-
ists a set of and values that equalizes
the output spectral component vector with source spectral
component vector . We call these values ideal values. Based
on this assumption, we identify with . Then, rewriting
(16) and (17), we obtain

(19)

(20)

This equalizability assumption may not completely hold in
reality and further investigation is desirable. However, the
high separation and dereverberation performance of the CSD
method, which is based on this assumption, would at least
partially show the practical validity of this assumption.

The set of (19) and (20) defines a generation model for ob-
served spectral component vector . Indeed, this model may
be interpreted as follows. First, (20) indicates that the spectral
components of the individual source signals are instantaneously
mixed together with mixing matrix to form (although,
strictly speaking, (20) is not an instantaneous mixing process in
the time domain). Then, (19) further mixes up the elements of

via the multichannel AR system with regression (predic-
tion) matrices to generate the observed
spectral component vector .

We call this generation model the instantaneous-mixing plus
autoregressive (IMAR) model because of the above interpreta-
tion. Fig. 3 is a schematic diagram of the IMAR model. Since

is unobservable, we refer to it as a latent spectral component
vector. The parameters of the IMAR model are the separation
and prediction matrices over the entire frequency range. Let

and denote, respectively, the sets of all the separation and
prediction matrices as

(21)

(22)

As described in the next section, we estimate the ideal values
of the IMAR model parameters, and , by means of
the maximum-likelihood estimation method. Once we estimate
these parameter values, the source spectral component vectors
can be estimated using (16) and (17).

Before proceeding to the next section, we comment on the re-
lation between the IMAR model and a time–frequency-domain
MIMO filter. Let matrix be defined as

if
if
otherwise

(23)

where is a zero matrix. Then, (16) and (17) may be summa-
rized in one equation as

(24)

We see that this equation is a time–frequency-domain MIMO
filtering process. BSS methods based on time–frequency-do-
main MIMO filtering have also been proposed (e.g., [21]). Un-
like these methods, the CSD method performs not only BSS but
also BD by using the log likelihood function described in the
next section.

IV. MAXIMUM-LIKELIHOOD PARAMETER ESTIMATION

This section describes a log likelihood function for opti-
mizing the IMAR model parameters and . To do this,
we first define the time-varying all-pole (TVAP) source spec-
trum model in Section IV-A. Then, in Section IV-B, we derive
the log likelihood function based on the IMAR and TVAP
models.

A. Time-Varying All-Pole Model for Source Spectra

The TVAP model assumes that source spectral components
satisfy the following conditions.

(h1) The short-time power spectral density (PSD) of each
source signal is expressed in all-pole form. Let and

denote the th linear prediction coefficient (LPC) and
the prediction residual power (PRP), respectively, at the th
time frame of the th source signal. We express the LPCs
in vector form as

(25)

where is the number of poles. Then, the short-time PSD,
denoted by , at the th time frame of the th
source signal can be described as

(26)
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where is a normalized angular frequency and

(27)

(h2) Each source spectral component follows a
complex Gaussian process with mean 0 and variance

. Note that is the normalized
angular frequency corresponding to the th frequency bin.
If we abbreviate as , the probability
density function (pdf) for is written as

(28)

stands for the pdf for complex Gaussian
random variable with mean and covariance matrix ,
which is defined as [22]

(29)

where is the dimension of .
(h3) If and are statis-
tically independent.

We use to denote the set of the LPCs and PRPs over the
whole observation period as

(30)

The LPCs and PRPs are collectively called the all-pole param-
eters.

As is well known, the above assumptions are valid for speech
when the length of a short time frame is about 20 ms. Therefore,
we use a short time frame of about 20 ms in our time–frequency
analysis. In addition, we should not use a small frame shift be-
cause it makes the spectral components temporally correlated
and thereby violates assumption (h3). The temporal correlation
of spectral components results in the excessive decorrelation ef-
fect discussed earlier, which may be mitigated to some extent by
setting prediction step size appropriately. In our experience,
a frame shift smaller than the quarter of a frame size does not
work well for . On the other hand, the use of too large a
frame shift is also prohibited because it degrades the quality of
synthesized time-domain signals. Note that the proposed source
spectrum model is different from the time-invariant AR model,
which is used in [6], [23].

B. Log Likelihood Function

Now that we have both the source spectrum model
(the TVAP model) and the room acoustics model (the
IMAR model), we can obtain the pdf for observed data

. On the basis of assumptions

(h2) and (h3), we can write the pdf for source spectral compo-
nent vector as

(31)

where is a zero vector and is the diagonal matrix defined
as

. . . (32)

Equations (20) and (31) lead to the following pdf for latent spec-
tral component vector :

(33)

where the covariance matrix is given by

(34)

By using (19) and (33), the pdf for observed spectral component
vector conditioned on its past sequence is represented as

(35)

Therefore, we have the following pdf for observation data:

(36)

Taking the log of (36), we obtain the log likelihood function as

(37)

We observe that this log likelihood function depends not only
on separation matrices and prediction matrices but also
on all-pole parameters . Therefore, we calculate ,
and , which jointly maximize the log likelihood function.

and are used as the estimates of the ideal values of
and , respectively.
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Fig. 4. Flowchart of parameter optimization.

Note that it is also possible to optimize only and
by using the expectation–maximization approach, where we re-
gard all-pole parameters as nuisance parameters. However,
this approach complicates the optimization algorithm. Hence,
we simply optimize all the parameters together.

It may appear that log likelihood function (37) (i.e., the ob-
jective function for the CSD method) is similar to the objective
function for TRINICON [2], [3]. In fact, while these objective
functions are certainly different, both of them take account of
the nonstationarity and nonwhiteness of source signals. How-
ever, there is a notable difference between these two methods.
Unlike TRINICON, the CSD method is not based on gradient-
descent-based optimization as described in the next section. Al-
though the optimization algorithm for the CSD method is still
based on an iterative scheme, a few iterations suffice. This fea-
ture is a consequence of the IMAR modeling of room acoustics.
Although [3] mentions the possibility of realizing BD based on
TRINICON, no experimental BD results have yet been reported.

V. OPTIMIZATION ALGORITHM

Jointly maximizing (37) with respect to , and
requires us to solve a set of nonlinear equations. Here, we pro-
pose an algorithm that alternately updates the estimates for

, and . To be more precise, we iteratively perform the
following three update rules:

(38)

(39)

(40)

After convergence, the estimates for the prediction and sepa-
ration matrices, and , are plugged into (16) and (17)
to compute source spectral component vector estimate .
The overall flowchart of the proposed optimization algorithm
is shown in Fig. 4. Obviously, the prediction and separation
matrices are mutually dependent, which is why the proposed

method is called the conditional separation and dereverberation
(CSD) method.

In the following subsections, we describe algorithms for ac-
complishing (38)–(40).

A. Prediction Matrix Update

First, we describe a prediction matrix update algorithm that
realizes (38). At this stage, we have the estimates, and ,
of the all-pole parameters and separation matrices. Substituting

and into (34), we can obtain the estimate
of the covariance matrix of latent spectral component

vector . Then, we maximize the following objective func-
tion with respect to

(41)

where the relational operator means that the both sides are
equal up to a constant term with respect to .

It is obvious that, for each , all elements of the prediction
matrices maximizing (41) are mutually dependent. To cope with
this, we rearrange the elements of in one
vector as

dimensional row vector (42)

where is the th column of [see (18)]. Note that
is equivalent to . By using , we can

rewrite , which appears in (41), as

(43)

where

. . .
. . .

matrix (44)

Substituting (43) into (41), the objective function is rewritten as

(45)

Our objective is now to maximize this function with respect to
.
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For each frequency bin index that maximizes (45) is
easily derived as follows. We require that

(46)

Equation (46) is readily solved because the objective function
given by (45) is quadratic with respect to . We finally obtain
the following update rule:

(47)

The update of defined by (38) is accomplished by per-
forming (47) for all values from 0 to .

We may find that the right-hand side of (47) is an extension
of the well-known Yule–Walker equation. This is a natural con-
sequence of the fact that is the parameter set for a multi-
channel AR system. It is also noteworthy that when there is only
one sound source, or , (47) is reduced to the update rule
for a WPE-method prediction filter.

In summary, the proposed method optimizes the prediction
matrices by solving a set of linear equations.

B. Separation Matrix Update

Next, we describe an algorithm for updating the separation
matrix according to (39). At this stage, the estimates of the
all-pole parameters and prediction matrices, and , are
fixed. Substituting into (16), we can obtain the esti-
mate of latent spectral component vector . We can also
obtain the estimate of the covariance matrix of a source
spectral component vector by substituting in (32).
The separation matrices are updated by maximizing the fol-
lowing objective function:

(48)

The maximization of (48) requires that

(49)

for all values. (49) leads to the following equation:

(50)

where denotes the -by- identity matrix. The solution
for (50), , may be obtained for any by using the natural
gradient method [24]. When (two source case), can
be analytically calculated as described in [25].

Instead of solving (50), we can alternatively use conventional
independent component analysis (ICA) algorithms to update the
separation matrices. In this case, objective function (48) is not
necessarily maximized. Nonetheless, we found experimentally
that the ICA algorithms achieved the same level of performance
as the algorithm described in [25], which maximizes (48). We
used the FastICA algorithm to update the separation matrices in
the experiments reported in Section VII because this algorithm
is commonly known and easy to implement. We refer the reader
to [26] for the FastICA and other ICA algorithms.

Since we are working in the time–frequency domain, we have
to resolve the scaling and permutation problems after solving
(50) or performing ICA for all values. To solve the scaling
problem, we use the minimal distortion principle [9]. As regards
the permutation problem, we use the dominance measure pro-
posed in [27], which capitalizes on the sparseness inherent in a
speech spectrogram.

C. All-Pole Parameter Update

Finally, the all-pole parameter update defined by (40) is real-
ized as follows. By substituting in (16) and

in (17), the source spectral component vector can be
estimated for all time frame and frequency bin indices. We rep-
resent the estimate of as

(51)

The updated estimates of the ideal values of the LPC vector and
PRP at the th time frame of the th source signal, and

, are obtained by applying the Levinson–Durbin algorithm
to the estimated spectrum at that time frame, .
Since the Levinson–Durbin algorithm is described in the litera-
ture (e.g., [28]), we omit the description here.

Thus, we have derived the algorithm for the CSD method for
the case where .

VI. GENERALIZED ALGORITHM

In this section, we generalize the above algorithm designed
for to the case where so that we can
cope with the situation where microphones outnumber sound
sources.

The first step toward this end is to modify the formulas for
source spectral component estimation given by (16) and (17) so
that the input and output dimensions become and , re-
spectively. In principle, this can be accomplished using three
different approaches. One approach is to reduce the number
of observed signals from to by using, for example,
principal component analysis. This approach cannot exploit the
information provided by extra microphones, which is helpful
in achieving highly accurate dereverberation according to the
MINT theory [29]. Another approach is to use an -input

-output BD network and an -input -output BSS net-
work. This approach does not work well because the covariance
matrix of latent spectral component may become rank defi-
cient. The last approach is to use an -input -output BD
network and an -input -output BSS network as described
in Section II-D. The proposed generalized algorithm is derived
on the basis of this third approach.



YOSHIOKA et al.: BLIND SEPARATION AND DEREVERBERATION OF SPEECH MIXTURES BY JOINT OPTIMIZATION 77

TABLE I
SUMMARY OF CSD METHOD ALGORITHM

Let denote a vector whose entries are the spectral com-
ponents observed at the first microphones, i.e.,

(52)

By using this notation, (16) and (17) are modified as

(53)

(54)

where prediction matrix , separation matrix , and latent
spectral component vector are now an -by- matrix,
an -by- matrix, and an -dimensional column vector,
respectively. Equations (53) and (54) are used in place of (16)
and (17) for estimating source spectral component vectors. Note
that (53) and (54) reduce to (16) and (17), respectively, when

.
Along with this modification, objective function (37) is also

generalized to

(55)

The covariance matrix, , of the latent spectral component
vector is defined just as when . Specifically,
is given by (34), in which the source covariance matrix
is given by (32) and is now . IMAR model parameters,
i.e., prediction matrices and separation matrices, and all-pole
parameters are optimized so that (55) is maximized.

The generalized algorithm also uses an iterative maximiza-
tion scheme as shown in Fig. 4. It is obvious that we only need
to modify the prediction matrix update rule (47).

The new prediction matrix update rule is described as follows.
We redefine vector as

dimensional row vector (56)

where (i.e., the th column of ) is now of size
-by-1. In addition, the size of matrix defined by (44)

is now -by- . Then, the new update rule, which
substitutes for (47), is represented as

(57)

The prediction matrices are updated by performing (57) for all
from 0 to .
Summarizing all the above derivations, the CSD method al-

gorithm can be described in Table I. [30] describes a fast com-
putation method for the above parameter optimization algorithm
and discusses the computational cost of the CSD method.

VII. EXPERIMENTAL RESULTS

We carried out an experiment to evaluate the performance of
the CSD method. This section reports the experimental results.

A. Experimental Task

The proposed method was tested for two sources and four mi-
crophones. We used the complete test set of the TIMIT corpus,1

which includes 112 male speakers, 56 female speakers, 624
texts, and 1344 utterances. The acoustic signals of these utter-
ances were sampled at 16 kHz and band limited to the 50 Hz
to 7-kHz frequency range. The data of 84 male speakers were

1[Online]. Available: http://www.ldc.upenn.edu/Catalog/CatalogEntry.
jsp?catalogId=LDC93S1
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Fig. 5. Layout of experimental environment.

used to form male–male utterance pairs while those of 28 fe-
male speakers were used to form female–female utterance pairs.
The utterances of the remaining 28 male speakers were paired
with those of the remaining 28 female speakers. In total, 336
male–male, 112 female–female, and 224 male–female utterance
pairs were generated. For each utterance pair, the acoustic sig-
nals of the two utterances were convolutively mixed by using
room impulse responses measured in a varechoic chamber to
simulate signals observed at the microphones. The experimental
environment is shown in Fig. 5. We used two sets of room im-
pulse responses with reverberation times of 0.3 and 0.5 s. Thus,
we had a total of 672 test samples for each reverberation condi-
tion.

The task was to estimate the two source signals in an offline
manner when one of the test samples was presented. Therefore,
the experiment involved 672 trials for each reverberation condi-
tion. The result of each trial was evaluated in terms of signal-to-
interference ratio (SIR) and direct-to-reverberation ratio (DRR).
The input SIR in dB for the th source at the th micro-
phone is defined as

SIR

(58)

where is the component of the th microphone
signal originating from the th source. is
computed as

(59)

where is the room impulse response from the
th source to the th microphone. Then, for each , we

can obtain the microphone index where the th source signal
appears most prominently as

SIR (60)

By using this notation, the input SIR and DRR for the th
source are computed as

SIR SIR (61)

DRR (62)

respectively, where and are the direct and
reverberant components of , respectively. We defined
the direct and reverberant components as

(63)

(64)

where the early reflection delay time was set at 50 ms.
The output SIR and DRR are defined in the same way. To

calculate the output SIR, each output signal must be decom-
posed according to the sources. Let denote the th
output signal and denote the th source component
contained in . For each source index
is obtained by processing the th source components of
the microphone signals with estimated
prediction and separation matrices. On the other hand, to
calculate the output DRR, we need the impulse responses from
the sources to the outputs. In this experiment, those impulse
responses were estimated by using least squares matching
as in [31]. Specifically, the impulse response from the th
source to the th output was estimated as follows. Let

denote the estimate of the impulse
response, where is an assumed impulse response order,
which was set at 12 000. was computed
by minimizing the sum of the square errors between
and . The matching errors were
about dB and thus negligible.

B. System Specification

In this experiment, we substituted polyphase filter bank (PFB)
analysis for a short-time Fourier transform (STFT) for the time-
frequency analysis because PFB gave slightly better results (The
advantage of PFB over STFT is discussed in [11] in the context
of noise reduction and dereverberation.) The number of filter
banks and the decimation factor, which correspond to the frame
length and shift, respectively, in the context of STFT, were set at
256 points (16 ms) and 128 points (8 ms), respectively. Step 2
in Table I (i.e., the parameter optimization step) was repeated
three times. The pole number of the TVAP model, , was as-
sumed to be 20. The prediction orders, , were varied with
frequency. Since the reverberation time is usually shorter in a
higher frequency range, setting the prediction orders for higher
frequency bins at smaller values helps us to save computing time
with little performance degradation. Based on this concept, we
set the values as follows: for for

for
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Fig. 6. Average SIRs for each reverberation condition.

for , where is the frequency in Hertz of the th fre-
quency bin.

The separation matrix estimate for each frequency bin
index was initialized by applying the FastICA algorithm to
the observed signal vector without performing any kind of
dereverberation. Then, for each source index and time frame
index , the LPC vector and PRP estimates, and , were
initialized by applying the Levinson–Durbin algorithm to the
th time frame of the th separated signal. This initialization

scheme may not be optimal, but it works well in many cases.
We compared the CSD method with the conventional fre-

quency domain BSS approach. The frequency domain BSS
method developed at NTT Communication Science Laborato-
ries [27] was chosen as the competing method. For this method,
we used an STFT with a 4096-point frame (256-ms) length and
a 1024-point (64-ms) frame shift since this setting yielded the
highest SIR improvement.

C. Results and Discussion

Figs. 6 and 7 show the SIRs and DRRs, respectively, averaged
over the 1344 utterances for each reverberation condition. The
bars labeled “Input,” “FDBSS,” “Sequential,” and “CSD” show
the average SIRs (or DRRs) for the input signals, the output sig-
nals of the frequency-domain BSS method, those of the sequen-
tial method explained in the next paragraph, and those of the
CSD method, respectively. We can see that the CSD method
outperformed the frequency-domain BSS method for both re-
verberation conditions in terms of average SIR. Moreover, the
CSD method considerably improved the average DRRs. These
results indicate that the CSD method is effective for both BSS
and BD even when the reverberation time is long.

In Figs. 6 and 7, the “Sequential” bars show the average SIRs
and DRRs obtained with a method that performs BD and BSS
sequentially as depicted in Fig. 1. Here, the WPE method was
used for BD while the frequency-domain BSS method was used
for BSS. We see that although this method improved the average
DRR substantially, the improvement in average SIR compared
with the frequency-domain BSS method was limited.

This disadvantage of the sequential method by comparison
with the CSD method may be accounted for as follows. As de-

Fig. 7. Average DRRs for each reverberation condition.

TABLE II
AVERAGE SIR AND DRR INCREASES IN DECIBEL

scribed in Section II-D, the WPE method estimates dere-
verberated signals separately without consideration of a BSS
process. By contrast, as indicated by (57), the CSD method
jointly updates all prediction matrices, or estimates all the dere-
verberated signals at the same time, while taking account of the
BSS process via . We infer that this methodological dif-
ference between the CSD and sequential methods leads to the
difference in SIR improvement.

Now, we consider the experimental results for the 0.5-s re-
verberation time in order to discuss several aspects of the CSD
method. First, we examine the effect of gender on the separa-
tion and dereverberation performance. Table II lists the average
increases in SIR and DRR for each gender pair. For example,
when Speaker1 and Speaker2 (see Fig. 5) were female and male,
respectively, the average SIR increase for the female speaker
was 12.13 dB while that for the male speaker was 12.68 dB.
We can find no significant dependence of the SIR and DRR im-
provement on the speakers’ genders. This result indicates that
the CSD method is effective regardless of the speaker’s gender.

Next, let us investigate the relationship between the input and
output SIRs and that between the input and output DRRs. Fig. 8
is a scatter plot of the input and output SIRs for individual trials
obtained with the CSD method, and Fig. 9 is that of the input and
output DRRs. Each point indicates the input and output SIRs (or
DRRs) for one of the 1344 outputs obtained by the 672 trials.
The line on which the input and output SIRs (or DRRs) are equal
is also drawn. These figures reveal the following.

• The CSD method never decreased either the SIR or the
DRR. We note that, by contrast, the frequency-domain BSS
method degraded the SIR for a few test samples.

• For the majority of the test samples, both the output SIR
and the output DRR exceeded 10 dB. On the other hand,
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Fig. 8. Scatter plot of input and output SIRs for individual trials obtained with
the CSD method. These data are for a reverberation time of 0.5 s. The area above
the line means that the output SIR is greater than the input SIR.

Fig. 9. Scatter plot of input and output DRRs for individual trials obtained with
the CSD method. These data are for a reverberation time of 0.5 s. The area above
the line means that the output DRR is greater than the input DRR.

for a small (but not negligible) number of samples, the
improvement in SIR and DRR was limited.

Such limited improvement is mainly due to the lack of suffi-
cient observation data. To illustrate this, we show a scatter plot
of the SIR increase and the observed data size in Fig. 10 and
that of the DRR increase and the observed data size in Fig. 11.
The least squares lines are also drawn as a reference. We can
find that the degrees of SIR and DRR improvement tended to
become large as the observed data size increased. In fact, the
SIR increases were greater than 5 dB for all test samples with
observation data of longer than 3.5 s. Figs. 10 and 11 also reveal
that the degrees of SIR and DRR improvement appeared to be
saturated on average at an observed data size of around 5.5 s.
Due to the modeling errors (e.g., the all-pole modeling error of
clean speech signals, the inaccuracy of time–frequency-domain

Fig. 10. Scatter plot of SIR increases and observed data sizes for individual
trials obtained with the CSD method. These data are for a reverberation time of
0.5 s. The least squares line is also shown.

Fig. 11. Scatter plot of DRR increases and observed data sizes for individual
trials obtained with the CSD method. These data are for a reverberation time of
0.5 s. The least squares line is also shown.

filtering), the improvement may be upper-bounded regardless of
the observed data size.

Summarizing the above results, we may conclude that the
CSD method can improve the SIR and DRR significantly even
when the reverberation time is 0.5 s as long as a certain amount
of observation data is available. Nonetheless, we note that, as
observed in Figs. 8–11, the degrees of SIR and DRR improve-
ment depend on the statistical properties of the input signals.
The relationship between the statistical properties of input sig-
nals and the separation and dereverberation performance has yet
to be elucidated.

Next, we examine the performance on a frequency-bin-by-
frequency-bin basis. Fig. 12 shows the average SIR curves
against frequency obtained for the 672 test samples with a
reverberation time of 0.5 s. The CSD method gave a much
higher average output SIR than the frequency-domain BSS
method over the entire frequency range of interest, although
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Fig. 12. Average SIR as a function of frequency for a reverberation time
of 0.5 s.

Fig. 13. Average DRR as a function of frequency for a reverberation time of
0.5 s.

the differences in the low frequency range below 500 Hz
were insignificant. Fig. 13 shows the average DRR curves
against frequency obtained for the same test samples. We can
clearly see that the CSD method improved the average DRR
substantially over the whole frequency range. These results
mean that the CSD method is superior, or at least comparable,
to the frequency-domain BSS method regardless of frequency
in terms of SIR.

One reason for the relatively poor SIR and DRR improve-
ment in the frequency range below 500 Hz is that assumption
(h3) may be violated in that frequency range. To be more pre-
cise, (h3) assumes that source spectral components are uncor-
related across time frames. However, because speech signals
are slowly time-varying especially in the low frequency range,
low-frequency source spectral components may be highly corre-
lated over time. Overcoming this problem is a subject for future
study.

So far, we have compared the CSD and frequency-domain
BSS methods in terms of average performance indices. Now,

Fig. 14. Histogram of SIR differences between the CSD and frequency-domain
BSS methods. The white bars mean that the CSD method outperformed the fre-
quency-domain BSS method, and the gray bars indicate the opposite.

Fig. 15. SIR as a function of all-pole model order for a reverberation time of
0.5 s.

we look at the SIR differences between these methods on a test-
sample-by-test-sample basis. Fig. 14 is a historgram of the SIRs
obtained with the CSD method minus those obtained with the
frequency-domain BSS method. The gray bars indicate that the
proposed method underperformed the competing method. Such
utterances constituted about 10% of the 1344 utterances. For
90% of the utterances, the CSD method yielded higher output
SIRs than the frequency-domain BSS method. Although further
efforts are required to eliminate such undesirable cases, this and
all the above results clearly demonstrate the advantage of the
CSD method.

The last topic is the effect of the all-pole model order on
the separation and dereverberation performance. Figs. 15 and
16 plot the SIRs and DRRs, respectively, against the value.
These figures reveal the following.

• The SIR was insensitive to the choice of the all-pole model
order although it tended to decrease very little as the
value increased.
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Fig. 16. DRR as a function of all-pole model order for a reverberation time of
0.5 s.

• The DRR was almost constant for whereas for
, the DRR decreased.

Based on these observations, we can conclude that setting the
all-pole model order between 12 and 20 is recommended for
a sampling rate of 16 kHz, however the proposed method is
insensitive to the choice of value.

VIII. CONCLUSION

This paper described the CSD method for performing BSS
and BD simultaneously. The key feature of the CSD method
is that the separation and prediction matrices are jointly opti-
mized, thereby enabling us to perform BD while taking a BSS
process into consideration. The CSD method attained good SIR
and DRR improvement even when a reverberation time was 0.5
s. We believe that the CSD method provides a powerful tool for
microphone array signal processing in a reverberant room.

Although the CSD method notably improved the SIR and
DRR on an average, the improvement was very limited espe-
cially when the observed data were shorter than 3.5 s. Future
research should be directed at overcoming this limitation. Other
subjects for future study include adaptation to moving sound
sources and an evaluation of the CSD method in such applica-
tion scenarios as automatic speech recognition.

APPENDIX A
REVIEW OF MULTICHANNEL LINEAR PREDICTION

This Appendix provides a brief review of multichannel linear
prediction. For more detailed information, we refer the reader
to [32] and [33].

We start with the assumption that the observed spectral com-
ponents in each frequency bin are convolutive mixtures of the

source spectral components in the same frequency bin. There-
fore, we have

(65)

where is a mixing filter of order .
Assume that this mixing filter satisfies

rank (66)

and

rank (67)

Here, is the matrix transfer function of the mixing filter,
defined as

(68)

Under these assumptions, for any , there is a
causal inverse filter of order [34]

(69)

Now, the right-hand side of (65) may be decomposed as

(70)

where is an integer with and the prediction step
size in the linear prediction. By substituting (69) into the second
term on the right-hand side of (70), we see that, for a sufficiently
large , there is a set of matrices such
that

(71)

If we denote the th column of and by and
, respectively, (71) can be rewritten as

(72)

From (72), we can draw the following conclusions.
• If , there is a prediction matrix set that recovers

the source spectral components up to instantaneous mixing
matrix .

• If , there is no longer a prediction matrix set that
yields exactly instantaneous mixtures. However, as long
as is sufficiently small, much of the reverberation ef-
fect can be removed by setting appropriately as de-
scribed below (13) in the text. Note the identity of the
right-hand sides of (13) and (72).
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With the conventional linear prediction method, for any
with , the th column, , of is esti-
mated by minimizing the mean square prediction error

(73)

It is known that this objective function is effective as long as
each source spectral component is independent and iden-
tically distributed.
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