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Distributed Expectation-Maximization Algorithm for
Speaker Localization in Reverberant Environments

Yuval Dorfan, Axel Plinge, Gershon Hazan, and Sharon Gannot

Abstract—Localization of acoustic sources has attracted a
considerable amount of research attention in recent years. A
major obstacle to achieving high localization accuracy is the
presence of reverberation, the influence of which obviously
increases with the number of active speakers in the room. Human
hearing is capable of localizing acoustic sources even in extreme
conditions.

In this study, we propose to combine a method based on human
hearing mechanisms and a modified incremental distributed
expectation-maximization algorithm (IDEM).

Rather than using phase difference measurements that are
modeled by a mixture of complex-valued Gaussians, as proposed
in the original IDEM framework, we propose to use time
difference of arrival (TDoA) measurements in multiple subbands
and model them by a mixture of real-valued truncated Gaussians.
Moreover, we propose to first filter the measurements in order
to reduce the effect of the multi-path conditions. The proposed
method is evaluated using both simulated data and real-life
recordings.

Index Terms—Precedence effect; Onset dominance; Distribu-
ted expectation-maximization; Auditory scene analysis; Sound
source localization; Spectral masking; Incremental expectation-
maximization; Truncated Gaussian; multi-path; Time difference
of arrival

I. INTRODUCTION

The challenge of distributed localization in reverberant envi-
ronment for concurrent speakers is addressed. A vast number
of algorithms for localization of sources employing multiple
concurrent sensor measurements have been developed [1],
[2]. Important distinguishing aspects between methods are the
sensor configuration, assumptions on the signal propagation,
measurement type and probabilistic modeling.

Acoustic measurements by a spatially condensed array can
only estimate the angle to the source [3]–[7]. In order to
compute the sources’ two- or three-dimensional coordinates,
sensors have to be spatially distributed over a wider area.
In spatially distributed approaches it is very common to use
the term node for each local unit, which often has some
computation power, sensors and communication capabilities.
Such configurations, called acoustic sensor networks (ASNs),
comprise of several nodes with one or more microphones.
If these nodes are coupled by wireless links, communication
constraints have to be taken into account.

The challenge of multiple speaker localization using
generalized cross-correlation with phase transform
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(GCC-PHAT) is presented in [8]. The separation of
concurrent speakers in time domain is limited when there are
power differences and when their time difference of arrivals
(TDoAs) are too close. Another way to apply GCC-PHAT
for multiple sources is given in [9] for direction of arrival
(DoA) estimation. A multiple speaker application with tight
relations to GCC-PHAT is the blind source separation (BSS)
problem [10] using a single array of microphones.

We can distinguish ASN approaches by the point in which
calculations take place. Centralized solutions gather all mea-
surements in a center point, where it is processed [11]–[13].
Hierarchical methods compute partial results in the nodes
before combining them. In several hierarchal localization
methods, the nodes provide DoAs estimates that are later
combined by triangulation at a central processing point [14],
[15].

In contrast, distributed algorithms carry out most of the
calculations (or even all of them) in the nodes of the network.
Some distributed approaches deal with the localization [16] or
tracking [17] of a single source. In [17], Bayesian estimation
based on a Kalman filter, applied to tracking, was described.
Distributed localization is a relatively new field in the acoustic
signal processing domain. Energy-based distributed localiza-
tion approaches were described in [18]–[24].

In several algorithms, the nodes positions are assumed to
be unknown [25]. Even if they are not measured beforehand,
methods for automatic calibration of positions can be em-
ployed [26]–[28]. Recently, self-calibration methods that can
be applied online were introduced [29], [30]. In this study, we
assume perfect knowledge of the sensors’ positions.

Acoustic signals often suffer from high level of reverbe-
ration that hamper localization accuracy and sometimes also
from noise of various types. The main obstacles that hamper
localization and DoA estimation accuracy are reverberation
level [31], diffused noise [32] or sensor noise [33]–[35].

The next distinguishing criterion for localization algorithms
is the assumption regarding strong unimpeded direct path
signals. As many algorithms rely on a strong signal from
the direct path, reverberations degrade the localization per-
formance, especially in indoor scenarios [36]. This problem
becomes more severe when the number of speakers increases,
since each speaker produces additional reflections.

Several approaches are applicable without relying on the
direct path from the target to the sensor [37]. In the method
proposed in [38], direct-path dominance is not mandatory and
various room shapes are supported. Methods that utilize the
multi-path signals are limited by a set of assumptions about
the room and might be more sensitive to changes in room
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characteristics [39]–[44]. The set of techniques vary from
un-supervised through semi-supervised to fully supervised.
Our proposed approach is un-supervised, which uses multiple
distributed sensor nodes and assumes that the direct path is
dominant in at least part of them.

Next, we may also distinguish between algorithms accor-
ding to the type of measurements used. A large number of
acoustic localization and direction finding methods employ
correlation between the microphone signals in order to deter-
mine the TDoA. If a node is equipped with more than a single
microphone, the DoA can be estimated from TDoA values.
Some approaches use full band measurements and some use
subbands [45] or different frequencies.

A plethora of methods are based on the GCC-PHAT [46]
or the steered response power with phase transform
(SRP-PHAT) [12], [47], which are full-band TDoA estimation
algorithms. Some algorithms compute subband TDoAs in
order to improve the robustness and to facilitate concurrent
speaker direction finding [48], [49].

Biologically inspired approaches use multiple frequency
bands as well [50], [51]. The benefit of applying modeling of
the sound processing in the human cochlea and mid-brain [52],
[53] stems from the ability to include a number of mechanisms
that render the estimation robust. The approaches summarized
in [53] focus on the binaural case include generalized cross
correlation (GCC) based methods. They present direction
finding by subband GCC. This includes modeling of the
precedence effect, which focuses on the first wavefronts from
the direct path [54].

One of the consequences of the precedence effect is the
neural onset dominance [55], which can be implemented
in mono channel processing [56]. Methods that use phase
locked spikes centered on the maxima in the certain frequency
bands [57] can be advantageous [56] as compared to the more
common zero crossing methods [50], [52].

More generally, the fact that only high signal to noise ratio
(SNR) segments are used [58] can be exploited in tracking
applications [59]. These principles were shown to add robus-
tness in tracking with multiple microphone arrays [60] and
were combined with auditory scene analysis (ASA)-oriented
processing for application to distributed nodes [15].

The next distinguishing criterion between localization al-
gorithms refers to the probabilistic modeling used. Many
algorithms employ the maximum likelihood (ML) criterion,
which is often implemented by applying the expectation-
maximization (EM) procedure, to localize sources. This pro-
cedure is adopted for estimating the DoA [61], or the source
position after triangulation [13], by utilizing the measured
TDoAs.

A different approach is to model room positions by a
mixture of Gaussians (MoG). This idea was first applied
in [62] for binaural measurements. In [63], this has been app-
lied for localization and tracking using ASN. The authors have
defined a set of parameters and a set of hidden variables and
developed a localization algorithm based on the EM and two
tracking variants of the recursive expectation-maximization
(REM) technique. A detailed mathematical description of the
application of the EM to MoG can be found in [64]. The

EM often faces a convergence problem. The random swap
expectation-maximization (RSEM), based on MoG distribu-
tion [65], reduces the dependency of the EM algorithm on
initial conditions.

In contrast to the methods that use a global MoG [63], [64],
distributed localization versions [66], [67] define multiple local
MoGs that share a set of weights, referred to as the global
parameters. The hidden variables used in [66], [67] are local,
enabling utilization of various network topologies. Although
exhibiting good performance in a wide range of acoustic
conditions, high reverberation still degrades performance. This
may be attributed to the influence of multiple secondary
reflections on the phase information embedded in the direct-
path of the acoustic propagation [63], [66]–[68] or in the
respective TDoA measurements.

We adopt the incremental distributed expectation-
maximization (IDEM) methodology presented in [66], which
was later adapted for BSS [69]. In the proposed method, we
combine the power of machine hearing processing and that of
the distributed MoG estimation. The bio-inspired pre-filtering
eliminates a large percentage of the reflections. Consequently,
the effect of reverberation on the localization accuracy is
significantly reduced.

We chose in this contribution a different feature vector that
necessitates a new probabilistic description. In the original
model, a complex MoG is defined to describe the pair-
wise relative phase ratio (PRP), which is a complex feature
vector. Modeling the PRP as a complex-Gaussian is only an
approximation, since magnitude 1 is assumed (see [67]). Here
the feature vector is the real-valued TDoAs, hence a real-
Gaussian can be used. Moreover, as the values of the TDoAs
are confined to a physically plausible range, the truncated
Gaussian can be a good model for the estimated TDoAs
values. We use subband TDoA estimates, similarly to the
model described in [70], and derive a modified version of the
IDEM algorithm.

The new statistical model is described as a mixture of
truncated Gaussians [71], which is a real-valued distribution
consisting of random variables with a finite support. In [71],
two alternative strategies were described for measurements
confined to a finite range: truncation and censor. The trun-
cation strategy classifies each value outside the allowed range
as illegal, whereas the censor strategy substitutes these values
with the closest value within the physical range. In our
case, the direct path can only produce a TDoA within a
confined range of values. We adopted the truncation strategy,
since a TDoA reading that exceeds the permissible range,
most probably does not contain any meaningful localization
information. Unlike truncation, adopting the censor strategy
may cause artifacts in certain positions in the room.

An additional modification applied to the original IDEM
algorithm [66] is the ordering of the nodes. The ordering
refers to the sequence of processing along the nodes of the
network. Instead of a constant order, as used by the regular
directed ring, we adopt here the concept of pseudo-random
order, which is known to improve the convergence of the
EM [65] and the robustness of the network to failures. In order
to enable the new ordering we should replace the directed-ring
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with a topology that contains a much reacher connectivity. For
simplicity we use the fully connected topology.

The contribution of this paper is a combination of the bio-
inspired pre-filtering, filter-bank approach, truncated model
and the IDEM algorithm. It is shown that it produces good
results for multiple speakers in reverberant rooms.

The resulting algorithm is also attractive from the network
point of view, since, similarly to the method proposed in [66],
it can be implemented without any central node. In addition,
exact, sample-level, synchronization of the nodes is not requi-
red. In contrast to the model presented in [66], by virtue of its
randomized order, it is capable of overcoming link failures.

The paper is organized as follows. In Section II, we formu-
late the localization problem. In Section III, the method used
for solving the problem is described. This section explains
the speech peak detection method, the calculation of TDoA
readings, and their usage with the IDEM algorithm. Section
IV is dedicated to simulations and experimental results. The
summary and conclusions are given in Section V.

II. PROBLEM FORMULATION

Consider M microphone pairs receiving signals from J spea-
kers. A noiseless environment is considered. The number of
speakers is unknown in advance. Let ym,i(t) be the signals
received by the ith microphone of the mth node. The signals
in the time domain are given by

ym,i(t) =
J∑
j=1

(gj,m,i(t) ∗ sj(t) + rj,m,i(t) ∗ sj(t)), (1)

where t = 0, . . . , T−1 denotes the time index, j is the speaker
index, and sj(t) denotes the speech signal produced by speaker
j. The node index is m = 1, . . . ,M . At each node, we use
i = 1, 2 as the index of each microphone.

The direct part of the room impulse response (RIR),
gj,m,i(t), comprises an attenuation and a phase shift. The re-
sidual part of the RIR, rj,m,i(t), consists of all the reflections,
namely the multi-path components. As the reverberation of
each speaker is independent, the total power increases with
the number of speakers, J .

In previously proposed localization algorithms [66], [67],
only the direct-path is utilized for the estimation. These
algorithms tend to work well, although they did not take
the other reflections into account. In contrast, the method we
propose in this paper tries to reduce the late reflections by the
construction of the feature vector.

In the presence of additive noise we can add a noise
reduction algorithm similarly to [34]. Although the focus is
on reverberation, additive noise influence is discussed in the
experimental section as well.

The network used here has a pseudo-random topology,
unlike [66], i.e. the connectivity between the nodes changes
between iterations. We adopted this topology for two reasons.
First, changing the order of the nodes may allow faster and
more accurate convergence of the IDEM algorithm [65], [72].
Second, it is less prone to communication failures, since each
node has more than one link, which can be used for initiating
the next sub-iteration. If a specific link has a failure, the

ym,i(t) zm,i,b(t) z̃m,i,b(t)

filterbank spike generation

Figure 1. Signal preconditioning stage. The microphones’ signals are each
split into multiple bands by a gammatone filterbank and then transformed into
spike trains.

network can overcome it by skipping a specific iteration, which
contains this failure.

III. THE PROPOSED METHOD

The proposed distributed method comprises three major steps.
In the first step, a bio-inspired model is applied to the
microphone signals for reducing the effect of reverberation.
In the second step, cross-correlation is applied to estimate the
TDoAs. The final step, which is based on the IDEM, is derived
from the ML model in order to find the number of speakers
and their locations. These steps and the statistical model of
the measurements are described in this section.

A. Cochlear model

The speech peak detection method applied as a preprocessing
procedure for each microphone independently is described in
this subsection. The efficient on-line cochlear model introdu-
ced in [56] is used to generate a sparse spike representation
of the microphone signals. It consists of a filter bank mo-
deled on the basilar membrane and a model of the cochlear
nucleus generating spikes from the band filtered signals. The
preconditioning is illustrated in Fig. 1. It is tailored to facilitate
localization in reverberant environment from three aspects:
first, only highly modulated parts of the signal are used;
second, phase-locked spikes are generated; and third, echo
suppression is achieved by modeling the neural saturation
(cf. [55]).

A common approach in computational auditory scene ana-
lysis (CASA) is to use an infinite impulse response (IIR) filter
bank to model the basilar membrane [50]. In our approach,
a fast Fourier transform (FFT) filter bank is used. The filters
are defined in the spectral domain using a gammatone [4]
approximation [73]:

Ĝb(f) =

(
1 +

ı(f − fb)
w · wb

)−4
, (2)

where ı is the imaginary unit and b = 1, . . . , B denotes the
frequency band index. The total number of bands is B = 16.
The bands are defined to imitate the critical bands found in
human hearing [50], [51].

The nonlinear spacing of the bands with center frequencies
(fb = f1, . . . , fB) between 0.3 kHz and 3 kHz is chosen
as equidistant on the quasi-logarithmic equivalent rectangular
bandwidth (ERB) scale [51], [74]. The Glasberg-Moore band-
width [74], wb, is widened by a factor w in order to increase
frequency content.
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Figure 2. Spike generation procedure. (a) The band signal is compared to its
short time average. (b) When the area above the average exceeds the signal
by 6 dB, a spike of height hn is generated at the maximum position pn. (c)
By shifting the average in time, the first wavefronts are enhanced.

For each microphone signal ym,i(t), B signals zm,i,b(t) are
synthesized in the time domain. In each band, the signal is
transformed into a sparse spike representation. The process
of computing the spikes is illustrated in Fig. 2. One of the
key concepts is to model the neural saturation in order to
detect the modulation and imitate monaural echo suppression.
This is achieved by a halfway rectification and a peak over
average comparison. Thus, for each band signal zm,i,b(t) is
halfway rectified max(0, zm,i,b(t)) before a moving average
zm,i,b(t) is computed. The averages are calculated over an
intermediate interval of, e.g. 30 msec to encompass the pitch
modulation. This delay is a non-issue for this off-line static
case. If applied to dynamic on-line applications, the latency
might be still reasonable, since indoor movements of speakers
is not expected to be too fast.

Modulated intervals Un = [tu, td] are found as time
segments, where the signal exceeds the shifted average. Its
maximum position in time, pn is a candidate position for a
spike. If the peak is 6 dB higher than the shifted average, an
impulse spike is generated at pn in the output signal z̃m,i,b.

The pulse height hn of the spike corresponds to the ampli-
tude computed by square root compression:

hn =

td∑
t=tu

√
zm,i,b(t)− zm,i,b(t− tshift), (3)

where tshift is a time shift used to enhance the first wavefronts
as illustrated in Fig. 2. The pulse width is set to 20µsec to
imitate the temporal resolution of human neural processing.

Algorithm 1: Cochlear model processing

initialize z̃m,i,b(t) = 0
calculate moving average zm,i,b(t)
find modulated intervals Un = [tu, td]

where zm,i,b(t) > zm,i,b(t− tshift) ∀tu < t < td
foreach Un do

pn = arg maxtu<t<tdzm,i,b(t)− zm,i,b(t− tshift)
if zm,i,b(pn) > 2zm,i,b(pn − tshift) (6 dB) then

Compute
hn =

∑td
t=tu

√
zm,i,b(t)− zm,i,b(t− tshift)

Insert hn with width 20 µsec at pn in z̃m,i,b
end

end

This nonlinear processing is summarized in Algorithm 1.
The resulting signal of that processing is sparse. Although
only few bands are used, it still complies with the model of
sparse representation of the signal, which will be required for
the EM algorithm.

The signals z̃m,i,b(t) of the microphones of all nodes are
used for calculating the features, the multiple pairwise TDoAs
(MPTs). The MPTs, denoted by τm,b(p), are used as feature
vectors in the ML. The model of these features is discussed
in the next subsection.

B. Multiple pairwise time difference of arrival

In order to calculate the MPT, τm,b(p) we apply the follo-
wing steps at each node to z̃m,i,b(t): 1) Calculate the cross-
correlation of the two microphones. 2) Find the peak and
compare it to a threshold. 3) If it passes the threshold, calculate
τm,b(p), the exact (interpolated) time difference of the peak.

In contrast to the PRP used in [66], the MPTs are real-
valued quantities. The speakers are assumed to exhibit disjoint
activity in the time-frequency domain [63], [75]–[77]. The-
refore, every time-frequency band can be associated with at
most a single active position (or speaker). Here we claim that
the sparsity assumption is still valid although our frequency
resolution is poorer. The validity of the sparseness assumption
may be attributed to the bio-inspired reverberation reduction
mechanism.

It is assumed that the speakers can be located in a final
set of positions on a grid with a desired resolution. The time
differences can be calculated in advance for every candidate
location p on that grid:

τ̃m,b(p) ,
||p− p1

m|| − ||p− p2
m||

c
, (4)

where p1
m and p2

m are the locations of the microphones,
assumed to be known, || · || denotes the Euclidean norm, and
c is the sound velocity. The set p ∈ P contains the grid of
points.

In the following subsection, we describe the statistical mo-
del of the MPTs. Since they have different physical properties
than the PRPs, a new statistical model is presented.
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C. Statistical model

We assume that the MPTs are random observations drawn
from a mixture of truncated normal distributions:

τm,b(t) ∼
∑
p

ψpg
(
τm,b(t); τ̃m,b(p), σ2, F, τmax

)
, (5)

where ψp is the probability of a speaker being at position p.
The probability density function (p.d.f.), g(·; ·, ·, ·, ·) is the

truncated Gaussian probability [71]:

g
(
x;µ, σ2, F, τmax

)
=


N (x;µ,σ2)

xH∫
xL

N (x;µ,σ2)

, x ∈ [xL, xH ]

0, otherwise

(6)

xL = max(µ− Fσ,−τmax)

xH = min(µ+ Fσ, τmax)

where

N
(
x;µ, σ2

)
=

1√
2π · σ2

exp

(
− (x− µ)2

2 · σ2

)
(7)

is the normal distribution.
The maximal time difference, τmax is used to limit the

truncated supports. It is the maximal time difference that can
be produced by sound traveling between the microphones at
each node. We denote τmax the maximal physical delay.

The factor of the truncation F is empirically determined in
the experimental section. The variance σ2 is used to control
errors in estimating the MPTs due to noise and reverberation.
It also supports off-grid source positions.

The truncation is applied according to the lower and hig-
her support limits, xL and xH , respectively. The truncated
Gaussian distribution is used here rather than the Gaussian
used in [68], since it allows irrelevant measurements to get
zero probability, hence better fitting the physical model. The
truncation for grid positions near the end-fire is asymmetric
due to the maximal physical delay.

We state now the ML estimation procedure of the localiza-
tion parameters from a given set of local measurements. As
in [66], the parameters to be estimated are the weights, ψp,
which are the probabilities of finding acoustic sources in each
position, p.

The other parameters are assumed to be known. The va-
riance σ2 was manually tuned to 6 [samples2]. The variance
could be assumed unknown, as often done, and its estimation
can be easily incorporated in the EM iteration [64]. It is kept
fixed, since we have not observed any significant advantage
of adding it to the parameter estimation in this particular
algorithm. Further variance analysis is presented in the ex-
perimental section.

The vector of the unknown parameters is defined as

θ , vecp(ψp). (8)

Note that ψp has a probability interpretation, namely∑
p ψp = 1. The goal of the algorithm is to estimate these

parameters. Then we will apply a threshold in order to estimate
the number of active speakers (also referred to as speaker
detection) and their locations. These parameters are global,
meaning common to all nodes.

Augmenting all MPT readings in τ = vecm,t,b (τm,b(t))
and following [67], the p.d.f. of the observation set can be
written as

f(T = τ ;θ) = (9)∏
m,t,b

∑
p

ψpg
(
τm,b(t); τ̃m,b(p), σ2, F, τmax

)
.

The maximum likelihood estimator (MLE) problem can be
stated as

θ̂ = argmax
θ

[log f(T = τ ;θ)]. (10)

A straightforward solution of the ML is centralized and of
high complexity. This type of problems is often solved by the
EM in order to reduce its complexity.

As already mentioned above, we are interested in a distribu-
ted solution of this estimation problem. The global parameters
will be estimated jointly by the nodes of the network. Several
algorithms can be suggested for this problem. In this contribu-
tion, we are interested mainly in the application of the IDEM
algorithm [66] to the MPTs.

D. An incremental distributed expectation-maximization with
pseudo-random topology

For complexity reduction of the ML, EM and REM techni-
ques are often used. For dynamic cases, REM is used. For
distributed applications, distributed expectation-maximization
(DEM) algorithms, which were first suggested in [78], can be
used for localization and tracking of acoustic speakers. This
section focuses on an IDEM algorithm for the static case.

This subsection is divided into two parts. The first deals with
the choice of the hidden variables of the DEM algorithms that
can be used for the problem at hand. Here, we focus on one
of these algorithms, the IDEM [66], which is presented in the
second part. The IDEM processes the measurements and the
hidden variables incrementally through the network.

It is shown that for updating the minimal sufficient statistics
(MSS), only the recent parameter estimation is needed. This
estimation is very compact and hence requires less communi-
cation bandwidth (BW).

1) Local hidden variables: The global parameters can be
estimated by applying EM techniques using global hidden
variables [63] or local hidden variables [66].

Synchronization for acoustic network has been dealt in [79],
[80]. Rough synchronization of nodes is maintained in our
case by the communication link. We also assume that the
signals acquired by the microphones of the same node are
fully synchronized, since the accuracy of the MPTs depends
on it. A much looser assumption is made regarding the signals
of different nodes [70].

For DEM algorithms, it was suggested that local hidden
variables be defined [66]. The hidden variables are defined to
be the indicators

ym(t, b,p) =

{
1, p active for (m, t, b)

0, otherwise
. (11)
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For each time-frequency band (t, b) they equal to zero
everywhere except to p, the position of the active speaker,
since not more than one speaker is likely to be active at each
time-frequency band [75].

The total number of indicators in the problem is T×B×M .
Each of these is defined over |P| possible values, with |P| the
cardinality of the set of all possible grid positions. Please note
that, in contrast to methods where global hidden variables are
used [63], local hidden data support a case where some of
the nodes measurements are physically unfeasible and hence
assigned with zero probability.

Let y = vect,b,m,p (ym(t, b,p)) be the set of all local
indicators. The expectation of the indicator is given by

E {ym(t, b,p)} = ψp. (12)

Under the W-disjoint assumption [75], namely that each
observation can be associated with only a single speaker (and
hence a single position) and under the static model assumption,
the probability density function of y is given by

f(Y = y;θ) =
∏
m,t,b

∑
p

ψpym(t, b,p). (13)

Given the local hidden variables, the p.d.f. of the observa-
tions is

f(T = τ |y;θ) = (14)∏
m,t,b

∑
p

ym (t, b,p) g
(
τm,b(t); τ̃m,b(p), σ2, F, τmax

)
.

The p.d.f. of the complete data can be deduced from (13)-
(14) and from some simplifications due to the properties of
the indicator ym (t, b,p):

f(T = τ ,Y = y;θ) = f(Y = y;θ)f(T = τ |y;θ)

=
∏
m,t,b

∑
p

ψpym (t, b,p) · (15)

g
(
τm,b(t); τ̃m,b(p), σ2, F, τmax

)
.

A family of distributed algorithms can be derived using
these local hidden variables. The algorithm simulated in [66],
[69] was implemented over a simple fixed directed ring.
In [67], we suggested a batch distributed expectation-
maximization (BDEM) over a bi-directional tree. In the subse-
quent part of this subsection, we derive a version of the IDEM
for the case of MPTs measurements, which is implemented
over a pseudo randomly-ordered topology.

2) Random order incremental distributed expectation-
maximization: The gist of this algorithm is to run the EM with
local computations in a pseudo-random order of executing the
local E-step and updating the localization parameters. Each
such local E-step is referred to as a sub-iteration.

In addition, the M-step is applied after each such sub-
iteration locally according to the incremental equation, which
updates only the local contribution to the parameters estima-
tion. The incremental principle was first introduced in [81].

The idea is that after the initialization round, the algorithm
has two types of iterations. The global iterations are defined

as those introduced for every batch EM algorithm. However,
for the IDEM we also define a sub-iteration index, which is

i = M ∗ (`− 1) + n(m, `). (16)

The order index function, n(m, `) assigns a unique integer
(between 1 and M ) to every node m, which determines the
order in which the M nodes are updated in the global iteration
`. This sub-iteration is local.

As in the study reported in [66], each node in its turn obtains
the recent parameters’ estimation from the previous node and
calculates its local (partial) E-step in order to update its local
hidden variables. Then, it can apply a new M-step and transmit
the result to the next node.

In contrast to the method proposed in [66], which uses
directed-ring topology, the current scheme determines a
random update order in each iteration. Reliable updates in
each iteration can be guaranteed if an identical pseudo-random
generator is applied in all nodes.

This random order has two major advantages. The first ari-
ses from the optimization aspect. The incremental expectation-
maximization (IEM) is known to produce faster convergence
and more accurate estimation in the case of a pseudo random
order of measurements processing. The second advantage
arises from the network considerations. For example, when
the update order is pseudo random, easy ways to circumvent
a link failure exist. The idea is that if a single (but permanent)
link failure occurs, a directed-ring topology renders useless.
Changing the order after each iteration enables recovery from
such a link failure. It should be noted that such a strategy of
changing the order depends on the network topology, which
in our case assumed to be fully-connected.

As previously mentioned, each node is responsible for its
local measurements and local hidden variables, but in contrast
to the BDEM method that executes the E-step simultaneously
at all nodes for the same parameter estimation, our proposed
method executes the E-step and the M-step incrementally.

The E-step is carried out in a distributed manner for each
node on its turn (sub-index i):

υ(i)m (t, b,p) , E
{
ym (t, b,p) |τm,b(t); θ̂(i−1)

}
(17)

=
ψ̂
(i−1)
p g

(
τm,b(t); τ̃m,b(p), σ2, F, τmax

)∑
p̃ ψ̂

(i−1)
p̃ g (τm,b(t); τ̃m,b(p̃), σ2, F, τmax)

.

The algorithm is based on the IEM [81]. The authors proved
that, not only the classical (batch) EM converges, but also
other modifications of the EM. For example partial E-step
can be followed by the regular M-step. In many cases the
partial version is even better in terms of convergence speed and
accuracy. The IEM algorithm can be applied in the distributed
case to local hidden data.

The network topology can be used for incremental updates
of the hidden variables and the parameter estimation by
transmitting only the recent parameters’ values.

Define the local summation of the hidden variables as

ῡ(i)m (p) ,
∑
t,b

υ(i)m (t, b,p) . (18)
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Algorithm 2: IDEM Speaker localization.

Obtain the valid local measurements τm,b(t).
initialize ῡ(0)m (p) and ψ(0)(p).
for ` = 1 to L do

Randomly choose the order n(m, `).
for n(m, `) = 1 to M do

Calculate the current sub-iteration index:
i = M ∗ (`− 1) + n(m, `).

Calculate the current node index: m = n−1(m, `).
E-step
Calculate locally υ(i)m (t, b,p) (17).
Aggregate locally ῡ(i)m (18).
M-step
Calculate the global parameters, ψ̂(i)

p (19).
Transmit the global parameters to the next node.

end
end
Find Ĵ , the number of speakers, and their respective
locations pj ; j = 1, . . . , Ĵ by applying a threshold to
ψ
(LM)
p , which is the result of the last M-step.

The M-step of the BDEM was shown to be the average of all
the hidden variables [67]. The M-step of the IDEM in this case,
as for many other IEM algorithms, simplifies to an update of
the local contribution of node m to the global parameters:

ψ̂(i)
p = ψ̂(i−1)

p +
ῡ
(i)
m (p)− ῡ(M∗(`−2)+n(m,`−1))m (p)

T ·B ·M
. (19)

The new estimation, ῡ(i)m (p) is added while the previous
local contribution, ῡ(M∗(`−2)+n(m,`−1))m (p) is subtracted. Each
node of the network uses its local memory to store this
local contribution in order to use it in the next iteration. The
denominator contains a normalization factor.

The initialization of the global parameters is obtained by a
preliminary global iteration:

ψ̂(0)
p =

∑
m ῡ

(0)
m (p)

T ·B ·M
, (20)

where the initial hidden data estimates, ῡ(0)m (p) are calculated
at each node and aggregated through the network.

After the last iteration a threshold is applied to the latest
estimation of the parameters ψ(LM)

p . Each position above the
threshold is declared as a speaker location. This way we
estimate the number of speakers and their locations.

This concludes the description of the proposed algorithm.
Algorithm 2 summarizes the proposed IDEM approach.

IV. EXPERIMENTAL STUDY

This section is dedicated to an experimental study of the
localization algorithms. We use the proposed algorithm in
various versions and two other algorithms for comparison. The
first, denoted IDEM2014 is described in [66]. The second,
is the well-known SRP-PHAT algorithm [47]. This is an
approach that searches the position that maximizes the output
of a steered delay and sum beam former (BF).

Figure 3. Room setup with twelve microphone pairs (circles) with numbers
and three speakers (∗,x,+). Grid of 60× 60 positions.

The section is organized as follows. The first subsection
presents the setup of both the simulated room and the acou-
stic laboratory. The parameter settings of the algorithms and
complexity analysis are described in the second subsection.
The third subsection presents the results of the simulation
analysis. The forth subsection examines different components
of the proposed algorithm. The last subsection discusses the
real recording results.

A. Simulation and acoustic room setup

This subsection contains two parts: simulated room and real
room descriptions.

1) Simulated room: We simulated 100 random positions of
1, 2, or 3 concurrent speakers in a reverberant room (6× 6×
2.4 m) with T60 in the range of 150 msec to 600 msec, using
the image method [82]. The time duration of each localization
experiment was 12sec. Note that the grid resolution, which
was 10 × 10 cm, is sufficiently good taking into account the
volume of a real speaker, which is not a point source.

The microphone pairs are placed at an inter-distance of
50 cm, which was determined to offer a good compromise
between resolution and ambiguity [66]. A few simulations
were also performed for 10 cm as explained below. The
speakers and microphones are assumed to be located in a
2D plane at a height of 135 cm in order to examine the
performance when the speakers has a typical mouth height
(accuracy of height is not critical).

An example for such a room setup is shown in Fig. 3. The
microphone pairs are numbered and marked with circles. The
three speakers are marked with a ∗, a x and a +.

2) Real room: The room measures 6×6×2.4 m and has a
controllable reverberation time (T60) in the range of 100 msec
to 1100 msec. Also here the microphone pairs are placed at an
inter-distance of 50 cm. An example of the room setup for one
of the room recordings is shown in Fig. 4. The microphone
pairs are numbered and marked with circles. The two speakers
are marked with a ∗ and a +. For the real recordings, two
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Figure 4. Room setup with eight microphone pairs (circles) with numbers
and two speakers (∗,+). Grid of 60× 60 positions.

Figure 5. First scenario: low reverberation level(T60 = 200 msec); two
speakers with a large distance between them.

reverberation setups were tested. We recorded two concurrent
speakers using eight microphone pairs. The speakers uttered
English sentences while standing in the room. The sampling
frequency was set to 48 KHz.

The first speakers were recorded with a low reverberation
level (T60 = 200 msec) and a relatively large distance between
them. A snapshot from this recording is depicted in Fig. 5.

In order to test a considerably more challenging scenario,
the other speakers were recorded in the same room with a
much higher reverberation time, T60 = 930 msec, and with a
smaller distance between them. A snapshot from that recording
is depicted in Fig. 6. The changes in the reflection nature of
the floor can be seen in the pictures. Other facets of the room
(ceiling and walls) were changed from absorbing to reflective
as well.

B. Parameter setting and complexity of the proposed algo-
rithm

A few practical issues must be addressed regarding the
proposed algorithm. They are listed below and refer to all
experimental results.

Figure 6. Second scenario: high reverberation level (T60 = 930 msec); two
speakers standing close to each other.

1) Tuning onset algorithm: The cochlear model provided
robust features in previous applications [56]. Some of its
parameters were determined experimentally; for example, w =
6.0, which is used to scale the bandwidth of the filters. As
mentioned above, the number of bands used was B = 16. We
experimentally chose it, observing significant degradation for
lower values in the case of multiple concurrent speakers. This
may be attributed to the invalidity of the sparseness (w-disjoint
orthogonality) for the lower resolution.

2) Beam width of a microphone pair: A typical problem,
which arises using microphone pairs, is the reduced resolution
in the planar domain in the end-fire directions. The case dealt
here is 2D with both pairs and speakers on the same plane. It
means that broadside measurements have a better resolution.
As a large number of distributed nodes were used, many nodes
would provide accurate MPTs measurements corresponding to
near broadside positions.

One of the advantages of using local hidden variables rather
than global hidden variables is that the consensus might be
achieved even if only part of the nodes reliably measure a
specific speaker.

3) Calculation precision: When summing small numbers
and numbers close to 1, precision problems should be addres-
sed. For this reason, a natural log is applied to some of the
equations to alleviate dynamic range problems that may arise
even for double precision calculations [83], [84]. It is first
applied to the Gaussian equation (6):

log
(
N
(
x;µ, σ2

))
= −1

2
log(2π · σ2)− (x− µ)2

2 · σ2
(21)

The same operation has been applied to the EM equati-
ons (17)-(20). For example, the log version of equation (17)
is:

log υ(i)m (t, b,p) = (22)

log(ψ̂(i−1)
p ) + log

(
g
(
τm,b(t); τ̃m,b(p̃), σ2, F, τmax

))
− log

∑
p̃

ψ̂
(i−1)
p̃ g

(
τm,b(t); τ̃m,b(˜̃p), σ2, F, τmax

) ,
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Table I
THE PROPOSED ALGORITHM IS ANALYZED WITH RESPECT TO
COMPUTATION, COMMUNICATION BANDWIDTH AND MEMORY.

Criteria Rough estimation

Computation O(L · T ·B · |P |)
BW O(L · |P |)
Memory O(T ·B + |P |)

where log of sum of numbers is calculated by applying the
following equation:

log(
I∑
i=1

(evi)) = vmax + log
I∑
i=1

evi−vmax . (23)

For probabilities calculations evi are between 0 and 1. It means
that vi are negative real numbers, with vmax their maximum.

In addition, multiplication and division operations are sub-
stituted by summation and subtraction operations and small
numbers can be stored together with much larger ones (within
the same vector).

4) Truncated Gaussian: Another computational issue is the
Gaussians truncation, which is applied according to a ±Fσ
and the physical valid range, where F = 3 was empirically
tuned. It is notable again that this truncation is applied around
each grid point. In addition to what mentioned above, the
truncation has a computational advantage, since extremely low
probability values are neglected.

5) Complexity analysis: Complexity analysis is briefly
summarized. When we deal with DEM algorithms, we have
to examine several aspects. Some of them can be taken from
the complexity analysis in [67]:
• We are interested in the number of calculations. Some

of them are done once, before the iterations starts. For
example the MPTs calculation. Others are applied every
iteration. Since all calculations are applied in the nodes
and they are all identical, we will analyze the complexity
per node. The most significant operations are multiplica-
tions and additions, when assuming usage of lookup table
implementation of operations like log.

• Communication BW is addressed from a single node
perspective, since the process is serial. At each sub-
iteration the map of probabilities should be transmitted
from one node to the next. As the algorithm converges,
this map becomes sparser, since the majority of locations
are not active.

• Memory usage per node relates to the local measurements
and the latest contribution to the global parameters that
should be subtracted in the next iteration.

Table I summarizes the computational complexity, com-
munication BW and memory requirements of the proposed
algorithm.

C. Simulation results

We carried out 100 Monte Carlo trials and calculated three
statistical measures: 1) the miss-detection (MD) rate, defined
as the percentage of speakers that were miss-detected out of

Table II
LOCALIZATION STATISTICS FOR 100 MONTE CARLO TRIALS (INTER

DISTANCE 50 CM). THE FIRST COLUMN INDICATES THE REVERBERATION
LEVEL. THE SECOND ONE CONTAINS THE NUMBER OF SIMULATED

SPEAKERS THAT WERE RANDOMLY LOCATED.

T60 Sim. speakers Algorithm MD[%] FA[%] RMSE[cm]

600 1 Proposed 0.0 6.0 4
600 1 IDEM2014 10.0 63.0 99
600 1 SRP-PHAT 95.0 1.0 206

400 1 Proposed 0.0 4.0 4
400 1 IDEM2014 6.0 73.0 99
400 1 SRP-PHAT 95.0 1.0 157

200 1 Proposed 0.0 3.0 4
200 1 IDEM2014 41.0 14.0 175
200 1 SRP-PHAT 91.0 1.0 153

600 2 Proposed 31.5 16.5 12
600 2 IDEM2014 88.5 3.0 116
600 2 SRP-PHAT 99.0 1.0 101

400 2 Proposed 8.0 9.0 4
400 2 IDEM2014 35.5 54.0 73
400 2 SRP-PHAT 97.0 0.5 138

200 2 Proposed 0.0 8.5 4
200 2 IDEM2014 16.0 67.0 82
200 2 SRP-PHAT 75.0 8.0 149

400 3 Proposed 21.3 34.3 10
400 3 IDEM2014 56.7 22.7 82
400 3 SRP-PHAT 96.3 1.3 103

200 3 Proposed 2.3 4.0 4
200 3 IDEM2014 41.0 35.3 97
200 3 SRP-PHAT 97.0 0.3 126

the total number of actual speakers; 2) the false alarm (FA)
rate, defined as the percentage of falsely-detected speakers
normalized by the total number of real speakers; and 3) the
root mean square error (RMSE), defined as the accuracy of
localization for all successfully detected speakers.

Detection, false- and miss-detections are defined with re-
spect to the threshold applied. The statistical analysis matches
each ground truth speaker position to the closest candidate (if
any). The RMSE measure is calculated from all the matched
positions. If a ground truth speaker does not have a matching
detection, it is counted as a miss-detection. We count extra
detections as false alarms.

We present here results of various reverberation levels for
different speakers locations after Monte Carlo (MC) averaging.
In addition, we identified for each number of speakers the level
of reverberation for which the proposed algorithm performance
is still good and marked them in bold. Table II summarizes
the measures for all simulated cases.

Inspecting the results in Table II, it can be deduced that
as the reverberation level increases from T60 = 200 msec to
T60 = 600 msec, the number of speakers allowing reliable
localization by the proposed algorithm decreases from three
to one, respectively. This can be attributed to the increased
density of reflections due to the co-existence of multiple
concurrent speakers in the same environment. In any case,
the proposed algorithm significantly outperforms the reference
algorithms [47], [66] in terms of detection, as well as RMSE.
The obtained RMSE values are better than the designated grid
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Table III
COMPARISON WITH AND WITHOUT TRUNCATION (INTER DISTANCE
50 CM): 100 MONTE CARLO TRIALS OF TWO RANDOMLY LOCATED

SIMULATED SPEAKERS.

T60 Sim. speakers Algorithm MD[%] FA[%] RMSE[cm]

150 2 Proposed 0.0 5.0 4
150 2 No-Trunc 0.0 100.0 4

Table IV
VARIANCE INFLUENCE(INTER DISTANCE 50 CM): 100 MONTE CARLO

TRIALS WITH TWO RANDOMLY LOCATED SIMULATED SPEAKERS

T60 Sim. speakers σ2[samp2] MD[%] FA[%] RMSE[cm]

400 2 16 27.0 3.0 4
400 2 6 8.0 9.0 4
400 2 1 1.0 50.0 4
400 2 0.01 0.0 100.0 5

resolution. Note that when either MD or FA rates are very
high (above 50 percents), the exact statistics is less relevant,
since it indicates that controlling the detection threshold did
not yield any acceptable FA-MD combination.

D. Experimental insights

We carried out a few additional Monte Carlo simulations to
gain insights about the proposed algorithm. This subsection
contains five different simulation tables.

1) With or without truncation: The first comparison exa-
mines the contribution of the truncation. Working with the
regular Gaussian distribution causes artifacts and hence we can
produce reasonable results only for low reverberation levels.
The comparison is presented for T60 = 150 msec. We kept
the same setup, including inter distance of 50 cm. The results
are presented in Table III.

Inspecting the results, it can be deduced that truncation is
an essential part of the algorithm. Even for low reverberation
level the non-truncated version produces lots of artifacts cau-
sing high FA rate. The proposed algorithm detects the same
locations with a much lower FA rate.

2) The influence of setting the variance: The second ana-
lysis explores the influence of setting the variance on the
performance of the proposed algorithm.

We use inter distance of 50 cm and the case of two speakers
mentioned above with T60 = 400 msec. The results are
presented in Table IV.

Inspecting the results, it can be deduced that setting the
variance to 6 samples2 provides a good compromise between
FAs and MDs.

3) Sensor noise influence: The third analysis explores the
sensor noise influence on the performance. The same setup
mentioned above is used, but this time sensor noise is added.
The results are presented in Table V.

Inspecting the results, it can be deduced that for this
reverberation level SNR of 20 dB degrades the performance
significantly.

Table V
SENSOR NOISE INFLUENCE(INTER DISTANCE 50 CM, T60 = 400 MSEC):
100 MONTE CARLO TRIALS WITH TWO RANDOMLY LOCATED SIMULATED

SPEAKERS

SNR[dB] Sim. speakers MD[%] FA[%] RMSE[cm]

0 2 100.0 0.0 −
20 2 41.0 1.5 5
30 2 13.0 9.0 4
40 2 11.0 11.0 4

Noiseless 2 8.0 9.0 4

Table VI
NUMBER OF NODES INFLUENCE(INTER DISTANCE 50 CM,

T60 = 400 MSEC): 100 MONTE CARLO TRIALS WITH TWO RANDOMLY
LOCATED SIMULATED SPEAKERS

Nodes Sim. speakers MD[%] FA[%] RMSE[cm]

6 2 6.5 72.5 6
8 2 12.4 28.1 6

10 2 12.0 16.0 4
11 2 9.5 12.5 4
12 2 8.0 9.0 4

4) Number of nodes influence: The fourth analysis explores
the number of nodes influence on the performance. The same
setup mentioned above is used, but this time only part of the
nodes is used. The results are presented in Table VI.

As expected, adding nodes improves the localization results.
Significant degradation is encountered when the number of
nodes is 8 or less.

5) Subband GCC-PHAT for TDoAs estimation: The last
comparison is of the proposed algorithm and a classi-
cal TDoAs estimation, GCC-PHAT adapted to the multi-
dimensional localization challenge. The preprocessing of the
proposed algorithm applied at each node of the network is re-
placed with the subband GCC-PHAT estimator. The MPTs are
now calculated by the GCC-PHAT. The rest of the algorithm
is kept similar.

We tuned the setup according to the limitations of this
estimator. For example the inter-distance of 50 cm is too
large for this estimator, yielding aliasing effects. Therefore,
we tuned it to 10 cm. In addition, the GCC-PHAT cannot
deal with reverberation so well, hence a much lower level is
simulated (T60 = 150 msec). After those modifications we
compared the two versions using the same setup. The results
are presented in Table VII.

Inspecting the results, it can be deduced that even in those
conditions the GCC-PHAT has inaccurate localization results
and high FA rates. The proposed algorithm has very good
results even though the inter-distance is only 10 cm. We can
observe very small degradation in localization accuracy in the
case of three speakers, but the detection rate and FA rate are
kept low.

E. Acoustic room results

To further evaluate the performance of the algorithm, we
analyzed real recordings as well. The sensor SNR in those
cases is around 40 dB. The first examined scenario had a large
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Table VII
SUBBAND GCC-PHAT FOR TDOA ESTIMATION (INTER DISTANCE

10 CM): 100 MONTE CARLO TRIALS WITH TWO OR THREE RANDOMLY
LOCATED SIMULATED SPEAKERS

T60 Sim. speakers Algorithm MD[%] FA[%] RMSE[cm]

150 2 Proposed 0.0 5.0 4
150 2 GCC-PHAT 0.5 88.5 80

150 3 Proposed 2.3 0.0 6
150 3 GCC-PHAT 8.3 69.7 78

distance between the speakers and a low reverberation level.
The second case is considerably more challenging, since the
speakers are closer to each other and the reverberation level
is much higher.

In order to examine the results we plot a map, which is the
set of ψ(LM)

p values for the grid of positions in the room. The
lines are contours of equivalent levels.

The results of the localization algorithms for the first case
with a low reverberation level (200 msec) and large distance
between the speakers (225 cm) are shown in Fig. 7.

It can be observed that the proposed algorithm (shown in
Fig. 7(a)) produces a very accurate map of the speakers’
positions with very low levels of artifacts. It can be easily
estimated that there are two speakers. Their locations are
identified with high accuracy (taking into account the volume
of a speaker’s body). The first reference algorithm, IDEM2014
(shown in Fig. 7(b)) produces a map with a few spurious peaks
and large uncertainty ellipsoid even for this simpler scenario.
This means that, in addition to the two real speakers, we might
get quite a few FAs. The second reference algorithm, SRP-
PHAT (shown in Fig. 7(c)) is also not good even for this
simple scenario.

The result of the localization algorithms for the second case
with a high reverberation level (930 msec) and a small distance
between the speakers (100 cm) is depicted in Fig. 8.

Even for this challenging case, the proposed algorithm
(shown in Fig. 8(a)) is able to produce meaningful results.
The detection of the speakers can still be obtained and location
estimation is very accurate. The results for IDEM2014 (shown
in Fig. 8(b)) are poor, as in addition to the two real speakers,
we get many FAs. The SRP-PHAT (shown in Fig. 8(c))
demonstrates unacceptable performance in this challenging
case.

V. CONCLUSIONS

In this paper we have introduced a new localization algorithm
using a bio-inspired cochlear model to achieve robustness
against reverberation and handle concurrent speakers. The new
algorithm uses a mixture of truncated Gaussian probabilistic
model instead of the regular MoG usually used in the EM and
the DEM algorithms.

The proposed algorithm is a distributed solution, which uses
the IEM principle. Each node locally applies most of the
calculations (such as the spikes detection) and has its own
hidden variables, sharing only static localization parameters.

As the reverberation effect increases with the number of
concurrent speakers, it becomes more challenging to detect
the number of speakers and estimate their locations.

Simulations with up to three speakers were carried out
in several acoustic scenarios. Real recordings analysis was
carried out with two speakers in low and high reverberation
levels. The proposed algorithm outperforms IDEM2014 [66]
and SRP-PHAT [47] for both the simulated signals and the
real-life recordings.
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[38] O. Oçal, I. Dokmanic, and M. Vetterli, “Source localization and tracking
in non-convex rooms,” in IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP), 2014, pp. 1429–1433.

[39] F. Ribeiro, D. Ba, C. Zhang, and D. Florêncio, “Turning enemies into
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