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Abstract
The challenging problem of online multi-microphone blind au-
dio source separation (BASS) in noisy environment is addressed
in this paper. We present a sequential, non-iterative, algorithm
based on the recursive EM (REM) framework. In the proposed
algorithm, the compete-data, which constitutes the separated
sources and residual noise, is estimated in the E-step by apply-
ing a multichannel Wiener filter (MCWF); and the correspond-
ing parameters, comprised of acoustic transfer functions (ATFs)
relating the sources and the microphones and power spectral
densities (PSDs) of the desired sources, are sequentially esti-
mated in the M-step. The separated speech signals are further
enhanced using matched-filter beamformers. The performance
of the algorithm is demonstrated in terms of the separation ca-
pabilities, the resulting speech intelligibility and the ability to
track the direction of arrival (DOA) of the moving sources.
Index Terms: blind audio source separation, recursive expecta-
tion maximization, multichannel Wiener filter beamforming

1. Introduction
Blind audio source separation (BASS) is an essential compo-
nent in various applications such as hearing aids, conference
calls, virtual assistants and robot audition. Its goal is to sepa-
rate or extract the audio signals of the interesting speakers in
the acoustic scene. A comprehensive survey of state-of-the-art
multichannel audio separation methods can be found in [1–3].

The expectation-maximization (EM) algorithm [4] is
widely used for BASS [5], due to its ability to jointly estimate
the signals and the associated parameters, e.g. the coefficients of
the multichannel filters. In [6], two EM algorithms were devel-
oped based on different statistical models describing the desired
speakers. In [7], a combination of EM and deep neural net-
work (DNN) was proposed. In the E-step, a MCWF is used for
extracting the desired sources. In the M-step, the power spec-
tral density (PSD) of the reverberant signals are estimated using
multiple DNNs, and the rest of the parameters are estimated via
regular application of the EM iterations.

The recursive EM (REM) is a version of the batch EM in
which the iterations are substituted by time-recursion. Two vari-
ants of the REM are known in the literature. The variant pro-
posed by Titterington [8] is based on the Newton method for
maximizing the likelihood function. Cappé and Moulines [9]
proposed a second variant based on the maximization of a re-
cursive accumulation of the auxiliary function. On top of their
computational efficiency, these variants facilitate the estimation
of time-varying parameters encountered in dynamic scenarios.

For example, in [10] both a (constrained) Titterington re-
cursvie EM (TREM) algorithm and a Cappé-Moulines recursive
EM (CREM) algorithm were developed for multi-speaker local-
ization. In [11] a dereverberation method using the CREM al-
gorithm was proposed. The method recursively tracks the time-

varying acoustic channels and concurrently estimates the dere-
verberated speech signal by applying a Kalman filter. An online
DOA tracking using CREM was developed in [12].

Only a few methods addressing the challenging online
BASS problem, can be found in the literature. A common ap-
proach is to simultaneously apply DOA tracking and signal sep-
aration [13, 14]. In [15], a DNN approach for single-channel
online BASS was proposed. In [16, 17], it was proposed to
map anechoic observations in the short-time Fourier transform
(STFT) domain to an embedding space. Time-varying deep at-
tractor networks (DANets) are then applied to cluster these rep-
resentations to the various sources. Variational EM (VEM) ap-
proaches were developed in [18, 19], assuming the ATFs are
random processes.

Another family of online signal processing algorithms is
applying a recursive least-squares (RLS) procedure for tracking
the major eigenvector(s) of the spatial correlation matrix of the
received signals [20]. An extension that jointly estimate the
number of signals (which is equivalent to the rank of the spatial
correlation matrix) and the signals’ subspace can be found in
[21]. In [22] the subspace tracking paradigm was adopted for
speakers extraction assuming prior knowledge on the activity
patterns of speakers.

In the current contribution we extend our previous work
[23] in order to address dynamic scenarios. We modify the iter-
ative EM scheme into a recursive scheme by using the CREM
procedure [9]. In the E-step of the proposed algorithm a MCWF
is applied to separate the sources and in the M-step, the filter pa-
rameters are updated.

2. Problem Formulation
A scenario comprising D concurrent speakers, captured by J
microphones in a reveberant and noisy environment, is ad-
dressed. The problem is formulated in the STFT domain, with
k ∈ {0, . . . ,K − 1} and t ∈ {0, . . . , T − 1} representing
the frequency index and time-frame index, respectively, with T
and K the total number of time-frames and frequency bands,
respectively. Let sd(t, k) denote the clean and anechoic speech
signal of the d-th speaker. The observed signal, as received by
the microphones array, can be modelled as

y(t, k) =

D∑
d=1

hd(t, k) · sd(t, k) + n(t, k) , (1)

where hd(t, k) is a J × 1 vector of the ATFs relating the d-th
source and the microphones array, and n(t, k) is the J×1 vector
of additive noise as received by the microphone array, modelled
as a zero-mean, complex-Gaussian random vector with time-
invariant covariance matrix Q(k).

The EM formulation necessitates a definition of a complete
data set from which the observations can be obtained by a non-
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invertible transformation. Following [24, 25], we rewrite the
observed signal as a sum of D noisy components. Under this
formulation, the observed signal can be written in the following
matrix form:

y(t, k) =

D∑
d=1

xd(t, k) = [I, I, . . . , I]


x1(t, k)
x2(t, k)

...
xD(t, k)

 = Hx(t, k)

(2)

where I is a J × J identity matrix, H is a non-invertible matrix
comprising D row-concatenated identity matrices, and x(t, k)
is the complete data with the following components:

xd(t, k) = hd(t, k) · sd(t, k) + nd(t, k); d = 1, . . . , D , (3)

where nd(t, k) is the, arbitrarily-defined, d-th component of the
noise n(t, k), such that

D∑
d=1

nd(t, k) = n(t, k) . (4)

The arbitrary decomposition of the noise is chosen such
that nd(t, k) are mutually uncorrelated, zero-mean, complex-
Gaussian random variables

nd(t, k) ∼ Nc
(
nd(t, k); 0,Qd(k)

)
. (5)

The D covariance matrices inherit the spatial structure of the
full noise covariance matrix, and their contributions to the total
noise level is determined by a set of scalar weights βd, satisfy-
ing
∑
d βd = 1:

Qd(k) = βd ·Q(k) . (6)

The speech signals are modelled as zero-mean complex-
Gaussian random variables, such that

sd(t, k) ∼ Nc(sd(t, k); 0, φd(t, k)) (7)

where φd(t, k) is the PSD of the d-th speaker.
Under this model, the set of unknown parameters is:

θ = {φd(t, k),hd(t, k)}Dd=1 . (8)

Note, that the noise covariance matrix is assumed to be a priori
known. The probability density function (p.d.f.) of the observa-
tions is given by

f(y(t, k)|θ) = Nc
(
y(t, k); 0,P(t, k)

)
, (9)

where

P(t, k) =

D∑
d=1

Λd(t, k) (10)

with

Λd(t, k) = φd(t, k)hd(t, k)hHd (k) + Qd(k) , (11)

the covariance matrix of the d-th component of the complete
data.

As all frequency bins are assumed independent, the deriva-
tion is carried out per-frequency bin. Henceforth, the frequency
index k is be omitted for conciseness.

3. Iterative EM Algorithm
In this section we present a brief summary of the iterative EM
algorithm that we proposed in [23]. This batch EM algorithm
assumes time-invariant room impulse responses (RIRs), namely
that the speakers (and the microphone array) are static. In addi-
tion, we assume that the entire data is available for processing
at each time-step. In the E-step of the iterative EM procedure,
the auxiliary function is calculated:

U
(
θ;θ(`−1)) = E

{
log f(X ;θ)

∣∣Y;θ(`−1)} , (12)

where Y and X are the observations and the complete data sets,
defined for all time-frequency (TF) bins, respectively. In the M-
step, the parameter set is estimated by maximizing the auxiliary
function w.r.t. the parameters.

To alleviate the computational complexity involved in the
calculation of the auxiliary function, we make two simplifying
assumptions. First, the noise is assumed to be spatially-white,
namely Qd = βd · σ2 · I. Second, the ATFs are normalized,
i.e. |hd‖2 = 1, to circumvent gain ambiguity issues. The pa-
rameter estimation procedure is detailed in [23] and is omitted
here for brevity.

4. Recursive EM Algorithm
In this section we propose an online version of the BASS frame-
work that is capable of tracking time-varying ATFs relating
moving sources and the microphone array. The derivation is
utilizing the REM framework proposed by Cappé and Moulines
[9]. In the derivation we use the two simplifying assumptions
discussed above.

4.1. Cappé and Moulines auxiliary function

The aggregated auxiliary function Q[θ|θ̂(t)] at time t can be
recursively estimated, as follows [9]:

Q[θ|θ̂(t)] = Q[θ|θ̂(t− 1)]+

γt(q[θ|θ̂(t)]−Q[θ|θ̂(t− 1)]) (13)

with

q[θ|θ̂(t)] = E
{

log f(x(t, k);θ)|y(t, k); θ̂(t)
}

(14)

the instantaneous auxiliary function at time t, and γt a time-
varying weight. We next set γt to a fixed value 1− β, with β a
forgetting factor, and rewrite (13) as

Q[θ|θ̂(t)] = (1− β)

t∑
τ=1

βt−τq(θ|θ̂(τ)). (15)

According to our problem formulation, the recursive auxiliary
function is given by:

Q[θ|θ̂(t)] = −(1− β)

t∑
τ=1

βt−τ

×
∑
k,d

[
J · log σ2 + log

(φd(τ)

σ2
||hd(τ)||2 + 1

)
+

1

σ2
trace(xd(τ)xHd (τ)
∧

)− 1

σ2

φd(t)

σ2 hHd (τ)xd(τ)xHd (τ)
∧

hd(τ)
φd(τ)

σ2 ||hd(τ)||2 + 1

]
.

(16)
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According to [25], the first- and second-order statistics of xd(t)
can be estimated using the MCWF:

x̂d(t) = Λd(t)P
−1(t)y(t) (17a)

xd(t)x
H
d (t)
∧

= Λd(t)−Λd(t)P(t)−1Λd(t) + x̂d(t)x̂
H
d (t) .

(17b)

4.2. Recursive parameter estimation

The estimates of the ATFs and the PSDs are obtained by maxi-
mizing (16) w.r.t. φd(t),hd(t), d = 1, . . . , D.

PSD estimation: The estimation of φd(t), d = 1, . . . , D re-
quires special attention. Normally, the PSD of a speech signal is
time-varying and independent of its value in other time-frames.
Hence, maximizing (16) w.r.t. φd(t) would result in non-smooth
and high-variance estimates. To circumvent this issue, we pro-
pose to first assume that the PSDs are time-invariant, namely
φd(t) = φd. Then maximization of (16) w.r.t. φd results in a
time-varying estimate:

φ̂d(t) =∑t
τ=1 β

t−τ
φ

(
hHd (τ)xd(τ)xHd (τ)
∧

hd(τ)− σ2
)∑t

τ=1 β
t−τ
φ

. (18)

Now, using
∑t
τ=1 β

t−τ
φ =

1−βtφ
1−βφ

, with 0 < βφ < 1 the forget-
ting factor for the PSD estimation, and assuming t� 1, results
in the following time-varying PSD estimate:

φ̂d(t) = βφφ̂d(t− 1)+

(1− βφ)
[
hHd (t)xd(t)x

H
d (t)
∧

hd(t)− σ2]. (19)

Finally, to circumvent numerical issues, the update is applied

only if hHd (t)xd(t)x
H
d (t)
∧

hd(t) ≥ ξmin.

ATF estimation: The ATFs can be inferred by calculating the
derivative of (16) w.r.t. hd, d = 1, . . . , D and setting the result
to zero. This yields the following expression:

λhd(t) = [βhRd(t− 1)+

(1− βh)
1

σ2

φ̂d(t)

φ̂d(t) + σ2
xd(t)x

H
d (t)
∧

]
hd(t) , (20)

with 0 < βh < 1 the forgetting factor ATFs estimation.
We identify Rd(t) as the recursively aggregated second-order
statistics matrix of the d-th source weighted by the correspond-
ing single channel Wiener filter:

Rd(t) = (1− βh)
1

σ2

t∑
τ=1

βt−τh

φ̂d(τ)

φ̂d(τ) + σ2
xd(τ)xHd (τ)
∧

.

(21)

The estimation procedure of hd(t) boils down to solving the
eigenvalue decomposition (EVD) problem and selecting the
eigenvector with the largest eigenvalue of the matrix Rd(t).
The normalization by σ2 does not have any influence on the
eigenvector.1 Unlike the iterative EM scheme [23], this matrix
is recursively calculated, thus enabling online estimation.

1If the simplifying assumption that the noise is spatially-white does
not hold, the EVD should be substituted by a generalized EVD.

4.3. Efficient implementation

While the application of the EVD imposes high computational
load, finding the most dominant eigenvector of a covariance ma-
trix can be executed much more efficiently. One of the well-
known procedures for estimating the dominant eigenvectors is
the projection approximation subspace tracking (PAST) algo-
rithm [20, 21].

The PAST procedure for estimating the dominant eigenvec-
tor is given by:

wd(t) = ĥHd (t− 1)x̂d(t) (22a)

ld(t) = βhld(t− 1) + |wd(t)|2 (22b)

ĥd(t) = ĥd(t− 1) +
1

ld(t)

(
x̂d(t)− ĥd(t− 1)wd(t)

)
w∗d(t)

(22c)

To gain more insight on the update procedure, we substitute
(22a) into (22c), resulting in:

ĥd(t) = ĥd(t− 1)+

1

ld(t)

(
I − ĥd(t− 1)ĥHd (t− 1)

)
x̂d(t)x̂

H
d (t)ĥd(t− 1)

= ĥd(t− 1) +
w∗d(t)

ld(t)
Nĥd(t−1)x̂d(t) (23)

where Nĥd(t−1) is the projection matrix to the orthogonal space

of ĥd(t− 1). In the transition from the second to the third line
of (23), we used the normalization constraint ‖ĥd(t− 1)‖ = 1.
The update rule progresses in a direction orthogonal to the cur-
rent estimate with step-size determined by the instantaneous
projection of the current estimate of the ATF on the current es-
timate of the signal, normalized by the time-averaged value of
this projection.

5. Practical Considerations
Several practical measures are taken to facilitate proper appli-
cation of the proposed method, as described below.

Source activity detection: Permutation ambiguity, especially if
encountered independently for each TF, results in severe degra-
dation in the separation performance. In dynamic scenarios,
involving both time-varying ATFs and intricate activity patterns
of the speakers, this phenomenon may occur frequently. To cir-
cumvent this permutation problem and to allow smooth tracking
of each ATF, we propose a two-step procedure.

In the first step, each TF bin is classified to either speech-
active or noise-dominant classes. This is obtained by adopt-
ing the DNN-based speech presence probability (SPP) estimator
presented in [26]. Only TF bins with SPP larger than a prede-
fined threshold are classified as speech-active and the other TF
bins are discarded from further processing.

In the second step, each speech-active TF is associated with
a dominant speaker by projecting the observation vector on the
current estimate of each ATF. Hence, the d-th ATF will only
be updated if the TF is indeed associated with the d-th speaker.
We therefore refine (23) by incorporating an activity indicator
1d(t) into the update rule:

ĥd(t) = ĥd(t− 1) + 1d(t)
w∗d(t)

ld(t)
Nĥd(t−1)x̂d(t) . (24)
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The indicator is evaluated (per frequency bin) according to:

1d(t) =


1 SPP(t) ≥ αi and

ĥHd (t− 1)y(t) ≥ ĥHd′(t− 1)y(t) + αr,

∀d′ ∈ {1, . . . , D}\d
0 otherwise

where 0 ≤ αi ≤ 1 is a speech activity threshold and αr a
margin. In addition, the PSD estimate is modified to φ̄d(t)

φ̄d(t) = 1d(t)φ̂d(t) + 1̄d(t)ξmin, (25)

with 1̄d(t) the indicator of the complement subset. This modi-
fication facilitates warm start of the estimator when the activity
of a speaker resumes.

Initialization of the REM algorithms: The EM algorithm is
notorious for its sensitivity to initialization. We propose the fol-
lowing initialization procedure. We first assume that the sources
are static or moving slowly in the first T0 seconds of the ut-
terance. During this period we apply the batch EM algorithm
summarized in Sec. 3 (as elaborated in [23]) to obtain an initial
value of the PSDs of all sources and their respective ATFs.

Post-processing: Since the estimates x̂d(t), d = 1, . . . , D of
the complete data partially include by construction a noise com-
ponent, a post-processing stage is required. We adopt the proce-
dure proposed in [23] and apply a minimum variance distortion-
less response (MVDR) beamformer to x̂d using the estimated
ATFs. Under the simplifying assumptions presented in Sec. 3,
the MVDR simplifies to a matched-filter beanformer:

ŝd(t, k) = ĥHd (t, k)x̂d(t, k) . (26)

6. Simulation Results
Evaluation setup: The proposed algorithm was evaluated and
compared with the iterative EM algorithm [23] using the follow-
ing simulation setup. The speech signals were randomly drawn
from 26 speakers from the TIMIT database [27]. Speech utter-
ances of the same speaker were concatenated to obtain a 15 s
long speech signal. A scenario with two moving speakers was
simulated using a signal generator2 based on the image method
[28]. In the tested scenario, the speakers moved along an arc
with 2 m radius around the microphone array. Additional trajec-
tories, not reported here, were also tested, demonstrating con-
sistent results. At the first T0 = 3 sec the speakers were static
and at the rest of the utterance, the velocity of the two speakers
was set to 10 degrees per second (equivalent to 0.35 m/sec). An
angular distance 50◦ between the two speakers was maintained
throughout the entire utterance. The room dimensions were set
to 6×6×3 m and the reverberation time to T60 = 160, 200 ms.
The signals were captured by an eight microphone linear array
with inter-distances of [3, 3, 3, 8, 3, 3, 3] cm, together with an
additive spatially-white babble noise using [29] with signal-to-
noise ratio (SNR) value of 10 dB. The sampling frequency of
the signals was 16 kHz. The STFT frame-size was 32 ms with
75% overlap. The values of the various parameters chosen for
this experimental study are depicted in Table 1.

Performance measures and results: Separation results were
evaluated using the signal-to-interference ratio (SIR) measure
from the BSSeval toolbox [30]. The speech intelligibility was
evaluated using the short-time objective intelligibility (STOI)

2https://github.com/ehabets/Signal-Generator

measure [31]. We compared the proposed recursive method
with the baseline batch EM method [23], which ignores the dy-
namics of the problems and assumes the sources to be static.
The performance measures, depicted in Table 2, are averaged
over 25 scenarios and the two reverberation levels. As can be
expected, the batch EM algorithm cannot handle the moving-
speakers scenario while the proposed method significantly im-
proves the speech quality and intelligibility. Sound examples
are available in our website.3

Table 1: Parameters.

Parameter βh βφ αi αr ξmin T0

Value 0.6 0.4 0.5 0.05 0.5σ2 3 sec.

Table 2: Performance measures of the proposed REM algorithm
and the baseline batch EM [23].

Input EM REM

SIR [dB] 0.1 5.6 10.7
STOI [%] 67.1 67.3 87

In order to assess the quality of the estimated ATFs, we ex-
tracted the DOAs of the sources using the following procedure.
First, the relative transfer functions (RTFs) are constructed by
normalizing all estimated ATFs by the ATF associated with
the reference microphone. Then, by transforming the obtained
RTFs back to the time-domain and picking their major peaks,
the time difference of arrivals (TDOAs) can be inferred. From
the TDOAs it is straightforward to calculate the sources’ DOAs
using the given array-source constellation. The tracking results
are presented in Fig. 1, demonstrating the ability of the pro-
posed algorithm to accurately track the two DOA trajectories.
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Figure 1: DOA estimation of moving speakers.

7. Conclusion
In this paper, an online EM algorithm for BASS was presented.
In the E-step, the instantaneous first- and second-order statistics
of the complete-data are calculated. In the M-step, the PSDs
of the signals and the ATFs between the sources and the mi-
crophones are inferred. The ATFs are calculated using EVD,
reminiscent of the estimation procedure in the batch EM algo-
rithm, but with recursively estimated correlation matrix. Al-
ternatively, we proposed to utilize the computationally-efficient
PAST procedure. Both alternatives provided similar separation
results. A post-filtering stage, implemented as a matched-filter
beamformer, is then applied to estimate the clean speech sig-
nals. The algorithm was evaluated in simulated dynamic sce-
narios, and demonstrated significant improvements in terms of
separation capabilities and speech intelligibility.
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