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Tree-Based Recursive Expectation-Maximization
Algorithm for Localization of Acoustic Sources

Yuval Dorfan and Sharon Gannot

Abstract—The problem of distributed localization for ad hoc
wireless acoustic sensor networks (WASNs) is addressed in this
paper. WASNs are characterized by low computational resources
in each node and by limited connectivity between the nodes. Novel
bi-directional tree-based distributed estimation–maximization
(DEM) algorithms are proposed to circumvent these inherent
limitations. We show that the proposed algorithms are capable
of localizing static acoustic sources in reverberant enclosures
without a priori information on the number of sources. Unlike
serial estimation procedures (like ring-based algorithms), the new
algorithms enable simultaneous computations in the nodes and
exhibit greater robustness to communication failures. Specifically,
the recursive distributed EM (RDEM) variant is better suited
to online applications due to its recursive nature. Furthermore,
the RDEM outperforms the other proposed variants in terms of
convergence speed and simplicity. Performance is demonstrated
by an extensive experimental study consisting of both simulated
and actual environments.
Index Terms—Bi-directional tree topologies, distributed signal

processing, recursive expectation-maximization (REM), speaker
localization, wireless acoustic sensor networks (WASNs).

I. INTRODUCTION

T HE localization of multiple acoustic sources has various
civil [1] and military [2] applications. Both Bayesian [3],

[4], [5] and non-Bayesian [6], [7] localization approaches have
been proposed in the literature. The algorithms derived in this
work belong to the family of non-Bayesian estimation algo-
rithms, more specifically to the maximum likelihood (ML) esti-
mation family of algorithms. ML estimation procedures for lo-
calization are usually characterized by high computational com-
plexity and the nonexistence of closed-form solutions. For these
reasons either iterative expectation-maximization (EM) proce-
dures [8] or recursive EM (REM) procedures [9] have been
suggested.
The sparsity of speech signals in the short-time Fourier trans-

form (STFT) domain is widely used in the context of speaker
localization [9], [10], [11]. In [9] for example, the localization
task was carried out by using spatially distributed microphone
nodes (more specifically, each node was comprised of a pair of
microphones).
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Sometimes, due to limited computational resources in each
node and the bandwidth (BW) constraint on the communica-
tion link connecting the nodes, distributed computation is re-
sorted to. Distributed networks can be utilized to jointly esti-
mate parameters [12], [13] or signals by applying beamforming
techniques [14], [15].
Distributed localization algorithms for WASN that only use

the amplitude or power of the received signals, but ignore phase
information, can be found in [16], [17], [18]. It is well-known
from the radio frequency (RF) literature, that localization
schemes based on phase differences exhibit higher accuracy,
robustness and lower sensitivity than schemes that are solely
based on the received signal strength [19].
An EM-based method to estimate the angle of arrival for mul-

tiple sources that uses phase information extracted from stereo
recordings was proposed in [20]. This method was extended to
a two dimensional localization problem by an array of micro-
phone pairs in [9]. In addition, in [9] two recursive algorithms
were proposed based on the Cappé and Moulines recursive EM.
(CREM) [21] and the Titterington recursive EM (TREM) [22]
schemes for multiple acoustic source tracking. Both [9] and [20]
use centralized computation approaches.
A DEM scheme was presented by Nowak in [23] for clus-

tering stochastic variables obeying a mixtures of Gaussians
(MoG) probability density function (p.d.f.). MoG p.d.f. is also
the underlying probabilistic model in [9]. A detailed descrip-
tion of EM usage for MoG can be found in [24], where latent
indicators are used for the estimation of the MoG parameters.
Our derivations are based on the same latent variables. Several
paradigms for distributed inference of the parameters of a MoG
p.d.f., which are based on the EM framework, are summarized
in [25]. This contribution does not address speech signals and
are therefore not utilizing the specific attributes of speech sig-
nals in acoustic environments, e.g. sparsity and reverberation.
In [26] three distributed strategies are presented for the MoG
EM (incremental, consensus and diffusion).
An incremental variant of the EM, denoted incremental EM

(IEM), was proposed by Neal and Hinton [27]. The REMmech-
anism was also addressed in this contribution. The convergence
speed and accuracy of the IEM procedure was analyzed and
demonstrated in [28] and [29], where it is shown through many
examples that the incremental strategy enables faster conver-
gence. In addition, the IEM has a higher probability to converge
to the ML. In other words, it does not tend to converge to a local
optimum. There is no mathematical proof for these properties,
but they are explained intuitively and demonstrated empirically.
Based on this method we recently proposed a distributed

scheme for source localization [30] which we dubbed incre-
mental distributed expectation-maximization (IDEM). It was
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implemented over a directed-ring constellation. The IEM
concept was also mentioned in [25] in the context of a local
E-step computation.
Distributed computation, as opposed to centralized solutions,

requires a new perspective on the EM iterations introducing
local hidden variables in conjunction or instead of the global
hidden variables addressed above. The current work adopts this
paradigm and proposes a novel DEM family of algorithms for
phase-based localization of acoustic sources in reverberant en-
vironments. We propose two different algorithms based on a
bi-directional tree topology (for a detailed description of net-
work topologies the reader is referred to [31].). Both proposed
algorithms employ estimation of the local hidden variables.
In the first algorithm, dubbed batch distributed EM (BDEM),,

a simultaneous E-step followed by a global M-step are imple-
mented over a bi-directional tree topology. The leaves of the tree
execute partial E-step based on a batch of local measurements,
and aggregates the results towards the root of the tree in the fu-
sion stage. The root of the tree applies the M-step to produce
the next estimation of the parameters (the root is the only node
to apply the M-step). This estimation is then broadcast through
the same bi-directional tree topology in the opposite direction
towards all leaves in the diffusion stage. The fusion and the sub-
sequent diffusion constitute one iteration of the algorithm.
As explained above, recursive variants of the classical EM

method; namely REM schemes that exhibit some advantages
over the EM framework, were introduced in [21], [22] and [27].
The second algorithm proposed in this work, dubbed recursive
distributed estimation-maximization (RDEM), uses the TREM
[22] scheme for recursively estimating the global parameters. In
the proposed RDEM scheme, the BDEM iterations are substi-
tuted by a recursion along the time-axis.
The RDEM is also defined on the bi-directional tree topology.

It also propagates the local estimations towards the root and then
(after applying the M-step) broadcast the recent parameter esti-
mates in the opposite direction. Unlike the BDEM, the RDEM
does not operate in a batch mode, but rather adapts a recursive
mode that runs along the time axis, frame by frame.
In this work we show that the RDEM has several advantages

over the BDEM scheme in online applications. In addition, it is
demonstrated that the RDEM and BDEM outperform the clas-
sical steered response power-phase transform (SRP-PHAT) al-
gorithm [32] in scenarios with two concurrent speakers in an
acoustic room.
The remainder of this paper is organized as follows. In

Section II we present the statistical model for localizing con-
current sources in a noisy and reverberant environment. The
new local hidden variables are presented in Section III. Two
novel DEM algorithms for distributed localization based on the
bi-directional tree are proposed in Section IV. Section V deals
with implementation issues related to the proposed algorithms.
Section VI is dedicated to the experimental study, based on
simulations as well as actual recordings carried out in our
acoustic lab. Conclusions are drawn in Section VII.

II. THE STATISTICAL MODEL

The problem is formulated in the STFT domain with
as the time index and as the fre-

quency index. acoustic signals are captured by microphone

Fig. 1. Pre-processing at the th microphone pair to extract the PRP.

pairs. The signal received by the th microphone, , of
the th pair, , is given by:

(1)

where is the source index. denotes the th
source signal, denotes additive noise as captured by
the th microphone of the th pair, and denotes the
acoustic transfer function (ATF) from the th source to the th
microphone of the th node. The ATF in reverberant environ-
ments consists of a direct path (which bears the desired infor-
mation for localization) and reflections (which usually degrade
the localization performance). The model in (1) is commonly
referred to as the multiplicative transfer function (MTF) model
[33]. It is only valid if the STFT window-length is sufficiently
larger than the reverberation time . If this does not hold, the
indicated relation can be viewed as an approximation.
The first stage of all localization procedures discussed below

consists of relative phase ratio (PRP) extraction, here given for
the th microphone pair:

(2)

The rationale for using these PRP values is explained below.
First, consider a single source in a noiseless environment:

(3)

To motivate the usage of the PRP, we first assume similar am-
plitudes. The time difference between the received signals at the
microphone pair is then given by:

(4)

Based on this simple result, the PRP can be interpreted as an
extension of the time difference of arrival (TDOA) to the rever-
berant case and (4) only approximately holds.
A schematic block diagram of the pre-processing stage is de-

picted in Fig. 1. STFT is applied to each microphone signal and
the PRP are subsequently calculated for each time-frequency
bin separately. These PRP are induced by the TDOA between
the microphone-pair signals as a response to an acoustic source
located in :

(5)

where and are the locations of the microphones in pair
, denotes the Euclidian norm, and is the sound velocity.
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is a set of all possible source locations in the enclosure1. In
this work we selected a regular grid of possible locations with
a desired resolution. Note that any PRP can be associated with
multiple source locations. The locus of all these locations is a
one-sheet hyperboloid.
The various speakers are assumed to exhibit sparse activity

in the STFT domain [9], [10] and [11]. This assumption
is often referred to as the W-disjoint orthogonality of the
speech signal [34].
Under this assumption, and an upper bound on the number of

concurrent speakers, each time-frequency bin can be associated
with a single active speaker (and therefore, in our case, also with
a single active position). The following deterministic nominal
set of PRP, , associated with a possible room position,
on the predefined grid, can be calculated in advance:

(6)

where denotes the sampling time.
We can now express the PRP per node and per time-frequency

bin in the following statistical model:

(7)

where is the probability that the speaker emitting in time-fre-
quency bin is located at position . Similarly to [9], every
speaker can be located in any (fixed) position within this set
of speaker positions in the room. However, unlike [9] that uses
a separate distribution function for each speaker, we simplify
the model and use a single joint distribution function for all
speakers. Using this simplification it is not necessary to deter-
mine the number of speakers in advance.

denotes the complex-Gaussian probability with
variance :

(8)

Being a probability function the following holds:

(9)

The complex-Gaussian distribution, which cannot model the
PRP with absolute value equals 1, is used here as in [9], [30],
although inaccurate. In [20] the real-Gaussian is used for phase
distribution, although it is inaccurate either. The von Mises dis-
tribution is sometimes used for TDOA estimation [35], [36],
since it better fits the periodicity of phase measurements. To
alleviate the model inaccuracies, we set the variances (as-
sumed equal for all complex-Gaussians in the mixture) to a
small (known) value, increasing the probability that the absolute
value of the PRP is sufficiently close to 1 (in our experiments
we have set ). The variance captures the level of the
noise and the reverberation effects, and has therefore an impor-
tant impact on the performance of the proposed algorithms. In a

1Evidently, the speech sources can be located anywhere in the enclosure. Con-
fining the possible locations to a finite set of room coordinates is equivalent to
spatial sampling that reduces the localization resolution.

Fig. 2. Complex-Gaussian distribution (variance set to 0.01). (a) Scatter plot.
(b) Amplitude histogram.

future study mechanisms for setting the variance value will be
explored. In the current contribution, the value was empirically
chosen. Scatter plot of complex-Gaussian samples and their am-
plitude histogram are given in Fig. 2(a) and Fig. 2(b), respec-
tively.
Augmenting the PRP readings for all time-frequency bins,

, applying the W-disjoint property
above and the assumption that the perturbations of the PRP are
independent, the p.d.f. of the observation set for each node
can be stated as [24]:

(10)
where we define the set of all probabilities of all possible grid
positions in a vectorial notation:

(11)

Note, that in [9], a separate vector of position probabilities is
defined per speaker, and therefore should exhibit only one sig-
nificant peak. Here, should be understood as an aggregation
of the probabilities over all sources, and hence might have sev-
eral peaks, corresponding to the number of active sources in the
measurement set. Besides model simplification, aggregating the
probabilities provides an automatic mechanism for determining
the number of concurrently active sources and to circumvent the
requirement for setting this number in advance.
Sound localization from a single pair of microphones is

widely covered in the binaural hearing literature. Some of
these contributions assume the availability of a training set
[37], [38]. Partial localization (azimuth and elevation angle)
is dealt in [39]. Another approach [40] assumes some a priori
knowledge of the surroundings and a single dynamic pair
of microphones. The dynamics of the sensors enables the
localization of the source. In this work we consider the actual
location of multiple sources; i.e., information that cannot be re-
liably inferred from a single microphone-pair, without limiting
assumptions. We therefore concatenate all microphone-pair
readings ( ) to describe the probabilistic model
of the source locations:

(12)

where we assume that all microphone-pair readings are indepen-
dent. This assumption can be partially justified by the different
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Fig. 3. Map of as a function of the room’s floor coordinates with a resolu-
tion of cm. By applying a threshold to this map it can be deduced that
there are two active sources in the room.

reflection patterns the signal undergoes before being captured by
the microphone-pair, and more importantly, enables the deriva-
tion of the distributed algorithms proposed in this contribution.
Note that the weights of the complex-Gaussians, namely , are
common to all nodes, since they relate to the probability of ob-
taining a certain acoustic direct path from a specific location in
the room, which is a global common parameter.
In the same way as described in [24], the maximum likeli-

hood estimator (MLE) of the speakers’ location (global param-
eter) can be obtained by maximizing the expression from equa-
tion (12) w.r.t. (note that and are a priori known):

(13)

An example of a typical estimator of as a function of all
possible room positions is depicted in Fig. 3 for a two-dimen-
sional case2 with a resolution of cm. In the figure, the
probability of having a source at each location in the room is
represented by the z-axis with color (and height) that are pro-
portional to its value (in natural units). The final estimation
of the number of sources and their locations can be deduced
from this map by applying a proper threshold.
Finally, we discuss the ability of the statistical model to alle-

viate the influence of reverberation on the localization accuracy.
Although reverberation is not explicitly modelled, we claim that
the MoG model implicitly takes the reverberation effect into ac-
count. The nominal PRP, defined as the PRP induced on amicro-
phone pair by a source located on a grid point, models only the
direct-path of the sound propagation. This nominal valuemerely
serves as a centroid of a complex-Gaussian. The variance of this
complex-Gaussians allows for small deviations of the PRP from
their nominal value. Moreover, according to the MoG model,
each source has a non-zero probability to be located in any grid
point within the enclosure, thus allowing for large deviations
from its true position due to strong reflections. Combining mul-
tiple PRP reading from several microphone pairs has a tendency

2The methods derived in this work are also applicable to the three-dimen-
sional case. However, to simplify the exposition we only present results for the
two-dimensional case.

to emphasize (i.e. increase the probability of) the true source
positions, due to the incoherent nature of the reflections. Based
on these arguments, we anticipate that the algorithms derived
in this paper will be able to cope with low and medium rever-
beration levels. For higher level of reverberation levels, other
mechanisms should be considered.

III. THE HIDDEN DATA

A straightforward maximization of the likelihood function
in (12) for localizing concurrent acoustic sources is a cumber-
some task. We therefore propose to maximize the likelihood by
applying the EM procedure. More specifically, we derive and
apply distributed versions of the EM for the problem at hand.
The term DEM was coined by Nowak [23].
This section discusses the definitions of the hidden variables

from the node (local) perspective. The definitions are used in the
derivation of the DEM variants in this work. Global hidden vari-
ables in the context of EM-based speaker localization were pro-
posed in [9]. Rather than centralized global hidden variables, we
propose to define a local version thereof. As explained above,
contrary to [9] we do not assume any prior information on the
number of sources, and therefore define an aggregated set of
position parameters, rather than defining a separate set of pa-
rameters for each source.
The hidden variable, denoted , is defined as the

local th indicator associating any speaker to a certain position
in time-frequency bin . The expectation of an indi-

cator is readily given by:

(14)

A vectorial version of the model proposed in [41] can be de-
fined for the 2-D (or 3-D) positioning problem. Rather than the
single-node local indicator , a global vector of all
local indicators is used. Let be
a set of all local indicators associated with a certain time-fre-
quency bin. The local components of this vector are assumed
i.i.d.. This assumption can be justified by the different reflec-
tion patterns of the sound waves, as measured in the different
nodes. The expectation of this vector is therefore:

(15)

where is a vector of all ones of length .We can further define
a concatenated vector to be the set of
all indicators in the problem. Under the independency assump-
tions, stated above, in time, frequency and node, the probability
density function of is given by:

(16)

The total number of local indicators in is . Their
support set is , the set of all discrete positions on the grid.

stands for the cardinality of the support set. The p.d.f. of the
observations is given by:

(17)
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The p.d.f. of the complete data can be deduced from (16)–(17)
and some simplifications utilizing the indicator properties:

(18)

IV. TREE-BASED DISTRIBUTED EXPECTATION-MAXIMIZATION

A family of distributed algorithms can be derived using the
p.d.f. in (18). We propose two EM-based algorithms, namely
the BDEM and the RDEM algorithms. They are both applied
in a distributed manner using a network of microphones orga-
nized in a bi-directional tree topology. The algorithms differ in
the way they process the data. While the BDEM algorithm pro-
cesses the samples after all of them have been acquired (as a
batch), the RDEM updates the estimation along the time-axis
(online processing).
We will first derive the EM iterations common to both

algorithms and will then present the BDEM and the RDEM
algorithms.

A. EM Iterations

The EM algorithm for the problem at hand can now be de-
rived. Let be the iteration index. From (18) the E-step can
be stated as:

(19)

where we have used the indicator property allowing to ex-
change the and operators. In addition, the expression

is a node specific entity that
depends solely on a single observed random variable, due to
the independency in the time, frequency and node domains.
This node specific expectation is given by [24]:

(20)

Fig. 4. A bi-directional tree network topology used for the proposed DEM al-
gorithms. The edges represent two-way communication links. Node ‘0’ is des-
ignated the root of the tree.

Applying a constrained maximization to (19), the required
position probabilities are obtained:

(21)

Note that in the proposed algorithm, the variances of the com-
plex-Gaussians are assumed to be known and their means can be
calculated in advanced from the known grid positions. The only
parameter set to be estimated in our problem is therefore .
The EM algorithm iterates between the E-step in (20) and the

M-step in (21) until convergence.

B. Tree-Based Batch Distributed EM Algorithm
The EM iterations (20)–(21) can be centrally applied. A sim-

ilar procedure, for a slightly different signal model, can be found
in [9]. In this work we are aiming at distributed versions of the
EM iterations above. The algorithms derived in the sequel are
based on bi-directional tree topology, as exemplified in Fig. 4.
Node ‘0’ is designated as the root of the tree and all other nodes
as its leaves. Tree topologies are less sensitive to communica-
tion link failures than e.g. directed-ring topologies [30]. Failure
handling is beyond the scope of this contribution.
The key point in developing the distributed versions of the

EM algorithm is the availability of local estimates of the hidden
variable in each node, as evident from (20).
Define the average local estimates:

(22)

that can be interpreted as a global estimate of the local hidden
variables. This global entity reduces the communication volume
between the nodes.
In the fusion stage of the proposed BDEM algorithm, these

local estimates are aggregated from the leaves towards the root
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Algorithm 1 Acoustic source localization with the BDEM
algorithm.

Acquire and ; .
Calculate ; using (2).
set using (6).

initialize .
for to do

E-step
calculate simultaneously and locally

using (24).
M-step
Fuse local results from the leaves back to the root and
estimate the parameters, using (25).
Diffuse the result from the root of the bi-directional tree
to all leaves.

end
By applying a threshold to , the final estimation of

the number of sources , and their respective locations ;
can be obtained.

of the tree. The average , available only at the root,
constitutes the E-step of the algorithm, yielding the most re-
cent estimate of the hidden variables . The root is
then ready to apply the M-step, yielding the current parameter
estimate:

(23)

This estimate is subsequently diffused to all the leaves of the
network. Note, that only the root applies the M-step, while the
leaves are only responsible for partial update of the E-step and
for bi-directional data transmission. All leaves can simultane-
ously update their contribution to the E-step, based on the cur-
rent parameter estimate.
To further reduce the communication volume, each node

(leaf) can average all time-frequency bins before transmission
to the next node:

(24)

The M-step, applied in the root, then simplifies to:

(25)

The algorithm iterates until convergence or until a number of
pre-defined iterations has been reached. Algorithm 1 summa-
rizes the proposed BDEM algorithm.

C. Tree-based Recursive Distributed EM Algorithm

A recursive version of the BDEM, denoted RDEM, is derived
below. Although this paper only addresses static scenarios,
using a recursive online algorithm can still be beneficial in

several aspects, namely reducing latency and computational
load. As demonstrated in Section VI, the RDEM also exhibits
improved performance.
Recursive EM versions have been derived in [21] and [22].

In this paper we adopt the TREM version [22]. The basic adap-
tation scheme for the parameter of interest, is given by:

(26)

where subscript in the notation stands for all components of
a certain vector, of the current time frame. The parameter
is often denoted the smoothing parameter of the recursion. Its
value is chosen in the range and it has a major influence
on the performance of the algorithm. Choosing too low value
will slow down the converge rate of the algorithms. Overly large
value will result in noisy position estimate.
The Fisher information matrix (FIM) is defined as:

(27)

We stress that the expectation operator, is a conditional
expectation using the current parameter estimate . Since the
set of parameters should be interpreted as a p.d.f., it satisfies
the constraints from equation (9).
We therefore use the constrained version of TREM proposed

in [9]:

(28)

where in this case, due to the constraints in (9) we have:

(29)

To calculate the FIM, the expectation of the second derivative
of the -likelihood is required. The joint p.d.f. of the instanta-
neousmeasurements and the hidden variables (compare to (18))
is given by:

(30)

Applying the operation and the indicator properties yields:

(31)
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Evaluating the second derivative of (31) at the parameter esti-
mate at the previous time instant and using definition
(11) yield:

(32)

Taking the expectation and utilizing the local indicator property
(15) result in:

(33)

The p.d.f. of the current observation is given by (compare to
(10) and (12)):

(34)

Taking the logarithm of (34) and calculating the derivative
yield:

(35)

Evaluating (35) at the parameter estimate at the previous time
and expressing the result in terms of local terms yield:

(36)

where , the local hidden variables estimates, are cal-
culated using the estimated parameters at time instant :

(37)

Define the frequency average of the estimated local hidden vari-
ables as:

(38)

Averaging over all frequencies at each node enables a significant
reduction of the communication BW.

Now, multiplying the inverse of the FIM (33) and the log-
likelihood gradient (36) we can define the current parameter
estimate (before recursion):

(39)

Interestingly, this current estimates identifies with the fre-
quency-averaged global estimate of the hidden variables as
defined in (25).
Using (29) and (39) in (28) the recursive distributed estima-

tion procedure simplifies to:

(40)

This simple recursive procedure is only applied at the root.
The parameters of the algorithm are uniformly initial-

ized. Based on the recent parameter estimate (using the initial-
ization at ) a local E-step is executed at every node of the
bi-directional tree in the current time frame, yielding .
This operation may, at the first glance, appear identical to the

E-step of the BDEM algorithm. However, as an off-line algo-
rithm, the BDEM calculates the E-step for all time frames to-
gether. Its recursive version, the RDEM, processes each time
frame separately immediately after being acquired.
The local hidden variables are averaged along the frequency

axis locally and is aggregated through the bi-directional
tree towards the root. The results are used by the root for the
calculation of the current estimate (39) and the recursion equa-
tion (40). The root then transmits (diffuses) the updated param-
eters to all nodes through the tree before the next time frame is
processed. This process is summarized in Algorithm 2.
The root of the bi-directional tree has two roles in this process.

Its first role is to broadcast the latest global parameter estima-
tion, to all nodes efficiently. The second role of the root
(in the opposite direction) is to aggregate local results that will
enable the calculation of the next recursion step.
In the following sections we evaluate the BDEM and the

RDEM algorithms in terms of implementation and performance.

V. IMPLEMENTATION ANALYSIS

This section deals with various implementation issues con-
cerning the DEM algorithms. The major factors that influence
the efficiency of the implementation are: the number of iter-
ations, the number of nodes, the number of time frames,

the number of frequency bins and the cardinality of the
set of grid points. Here, we selected a regular grid of possible
positions with a desired resolution, but other schemes are appli-
cable as well. The grid and its resolution have an influence on
the computational complexity.

A. Computational Complexity
The computational complexity is calculated by counting the

number of basic mathematical operations. Multiplications, divi-
sions, additions and subtractions are equally weighted.
Before calculating the complexity of each algorithm, a few

general statements should be made. The following three steps
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Algorithm 2 Acoustic source localization with the RDEM
algorithm.

set using (6).
Initinitialize .
for to do

Obtain and ; .
Calculate ; using (2).
Calculate simultaneously and locally using (38)

.
Use the bi-directional tree to aggregate local results from
leaves (fusion).
Calculate at the root: using (40).
Transmit from the root to all nodes for the next
time frame (diffusion).

end
Find , the number of sources, and their respective locations
; by applying a threshold to , which is the

final result of the algorithm.

are applied in the inner loops of the DEM algorithms: theM-step
and the E-step. For the latter step, we identify an operation
common to all algorithms. The complexity of the E-step, in-
volving the calculation of the hidden variables , is

per time-frequency bin and per node. The other oper-
ations, which are specific to the various algorithms, are listed
below.
1) BDEM Complexity: Define the number of iter-

ations for the BDEM algorithm. At each iteration the M-step
requires . In addition, at each iteration per time-fre-
quency bin and per node the E-step requires operations.
Hence, the total number of operations is given by:

(41)

2) RDEM Complexity: The RDEM runs time frames and
requires no iterations. At each time frame the M-step requires

operations. In addition, at each time frame per
node the E-step requires operations. Hence, the total
number of operations is given by:

(42)

B. Latency

In online systems latency is a critical issue. There are a few
time constants that need to be defined to analyze the latency of
the proposed algorithms.
The first constant, is the block length (in seconds) required

for reliable localization. The BDEM algorithm sometimes need
a batch of a few seconds to estimate the locations. The second
constant, is the latency caused by the global calcula-
tions applied by the algorithm. The third constant is , the
latency resulting from the local calculations applied.

TABLE I
IMPLEMENTATION FEATURE TABLE. BDEM AND RDEM ARE COMPARED WITH
RESPECT TO COMPUTATION, DELAY, COMMUNICATION BW AND MEMORY.

For RDEM we denote global and local latencies as ,
which is smaller than , and , which is usually
smaller than , since only the current time frame is
processed.
1) BDEM Latency: The BDEM latency is given by:

(43)

2) RDEM Latency: One of the major reasons for using the
RDEM is its reduced latency. The RDEM latency is smaller,
since it does not require sample aggregation and since it applies
no iterations. It is given by:

(44)

C. Communication Bandwidth
The communication BW is another major issue, especially

when BW or power are constrained.
1) BDEM Communication BW: The communication BW for

the BDEM algorithm is small due to averaging along time and
frequency. It is given by:

(45)

2) RDEM Communication BW: The communication BW for
the RDEM algorithm is small, since no iterations are applied and
all frequencies are aggregated in the node before transmission:

(46)

Memory Requirements: The BDEM has no memory
requirements:

(47)

The RDEM only requires the most recent estimation of the
parameters:

(48)

D. Summary
Table I summarizes the computational complexity, latency,

communication BW and memory requirements of the proposed
algorithms.
When comparing the RDEM to the BDEM, significant im-

provements can be observed. The RDEM requires lower com-
putational complexity and has lower latency. They both occupy
a narrow BW. The RDEM memory requirements are small, but
larger than those of the BDEM (which does not impose any
storage requirements).
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VI. EXPERIMENTAL STUDY

This section reports an experimental study of the two pro-
posed DEM localization algorithms. As a reference algorithm
we used a modified version of the SRP-PHAT [42].
In order to evaluate performance, we use both simulation and

real-life recordings of concurrent sources. For simplicity, we
limited the localization problem to the two-dimensional case. It
should be noted that the algorithms can be applied to the three-
dimensional case as well.

A. Practical Considerations

There are a few practical considerations to be addressed re-
garding the proposed algorithms.
1) Sensor Positions: As in most of the localization ap-

proaches, we also assume perfect knowledge of the sensors’
positions in the room. As mentioned above, we assume a 2-D
set-up purely for simplicity reasons. Therefore, the elevation
value is ignored. However, the algorithms tested can be easily
applied to 3-D cases as well. In the general case a 3-D location
can be estimated.
2) Node Synchronization: We assume perfect synchroniza-

tion between the nodes. In practice, it is most likely to have
synchronization, since cell phones and other equipment are
synchronized through the network. In cases where there are
clock differences, synchronization methods such as [43] can be
adapted.
3) Microphone Inter-Distance in each Node: We used a mi-

crophone inter-distance of 50 cm, which is a good compromise
between resolution and ambiguity.
4) Calculation Precision: For all calculations we used nat-

ural operations, since they convert multiplications and di-
visions into additions and subtractions, while maintaining high
precision. In other words, the probability is replaced by

. In a similar way, is used rather than
its original counterpart.
5) Number of iterations for BDEM: We used 20 iterations

for the BDEM algorithm. If resources are limited, the number
of iterations can be reduced to around 10 iterations.

B. Simulation Results

To evaluate the localization performance of the algorithms,
we simulated the following scenario. Twelve pairs of omni-
directional microphones were located around a room. The di-
mensions of the simulated room were m, with a
low reverberation level, msec. Two sources ran-
domly located in the room, were simulated using short speech
files and an efficient implementation [44] of the image method
[45]. An example of the speaker-microphone constellation is
depicted in Fig. 5(a). In the simulations we have used the fol-
lowing values of the parameters. The sampling rate is 16KHz.
The number of samples per frame is 1024 (64mSec) with 75%
overlap. The number of spectrogram windows aggregated for
localization is 245 frames, a bit less than 4 seconds. Note, that
this amount of data is usually available in static localization
tasks. The threshold applied to the SRP-PHAT maps is 0.0016.
For the BDEM and RDEM we applied to the probability maps,

Fig. 5. Room setups for the experimental section.Microphone pairs aremarked
by pairs of circles and sources are marked by . (a) Room setup for the simula-
tion. (b) Room setup for the recording analysis.

a threshold which is the maximum between a fixed threshold
(0.0014) and the maximal value of the map multiplied by a
factor (0.55).
To compare the performance of the algorithms we followed

the procedure described in [30]. We executed 100 Monte-Carlo
trials and calculated three statistical measures: 1) The miss
detection (MD) rate, defined as the percent of sources that
were miss-detected out of the total number of sources; 2) The
false alarm (FA) rate, defined as the percent of falsely-detected
sources normalized by the total number of sources; and 3) The
mean square error (MSE), defined as the accuracy of localiza-
tion for all successfully detected sources. Note that the accuracy
of the location estimation was limited by the grid resolution
which was cm. Table II summarizes the measures for all
algorithms. The reference algorithm SRP-PHAT [42] exhibits
higher MD rate and FA rate than the proposed algorithms.
The MSE of all algorithms was low with respect to the grid
resolution.
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TABLE II
LOCALIZATION STATISTICS FOR 100 MONTE-CARLO TRIALS WITH

TWO RANDOMLY LOCATED ACOUSTIC SOURCES.

Fig. 6. Experimental setup in the speech and acoustic lab of the engineering
faculty at Bar-Ilan University. Two sources 61.5 cm from each other and

msec.

C. Analysis of Actual Recordings
The algorithms were also tested using real recordings of two

simultaneous sources and nine synchronized microphone pairs.
Real-life recordings are important to validate localization al-
gorithms, since some physical phenomena encountered in real-
life scenarios (e.g. sources’ volume, directivity of the emitted
speech and the speaker orientation) cannot always be accurately
simulated. For example, the spatial volume of the sources is
complicated to simulate.
The recordings were carried out in the speech and acoustic

lab of Bar-Ilan University. This is a m room that
has a reverberation time controlled by 60 interchangeable panels
covering the room facets.
To simulate real human sources, we used a mouth

simulator (B&K, type 4227) and a HATS mannequin
(B&K, type 4128C-002) to emulate head and torso shadowing
effects. The measurement equipment also included a RME
Hammerfall DSP Digiface sound-card and a RME Octamic
(for Microphone Pre-Amplification and digitization (A/D)).
AKG type CK-32 omnidirectional microphones were used.
All measurements were carried out with a sampling frequency
of 48KHz and a resolution of 24-bits. The multi-microphone
signals were acquired using Matlab. An example of the room
layout is depicted in Fig. 5(b). Two different reverberation
levels were tested by changing the panel configuration; namely

msec (low) and msec (medium). For
reverberation levels higher than msec, the localiza-
tion results were not accurate enough. A picture of the room
setup, with the two sources facing each other 61.5 cm apart and
a low reverberation level, is depicted in Fig. 6. In the following
figures we depict the results of the various algorithms. In all
figures, only the area encircled by the microphones is shown.
Fig. 7 depicts the localization probability maps ( ) of the pro-
posed algorithms and the output of the SRP-PHAT algorithm
for the low reverberation level and with a source inter-distance
of 61.5 cm. The SRP-PHAT demonstrates poor resolution and

Fig. 7. Map of one experimental trial for msec and a source inter-
distance of 61.5 cm. The poor resolution of SRP-PHAT is depicted in (a). The
BDEM detected only a single source, as depicted in (b). The result achieved by
RDEM, the detection of both sources, is shown in (c). (a) SRP-PHAT (b) BDEM
(20 iter.) (c) RDEM.

exhibits a wide peak resulting in undistinguishable sources.
The BDEM detected only one source. The RDEM algorithm
detected the two sources.
Fig. 8 depicts a two source localization (inter-distance of

71.5 cm) for the medium reverberation level. The SRP-PHAT
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Fig. 8. Map of experimental trial with mSec and a source inter-
distance of 71.5 cm. The SRP-PHAT algorithm only detected one of the sources,
as depicted in (a). The BDEM and RDEM algorithms were capable of detecting
both sources as shown in (b)–(c). (a) SRP-PHAT (b) BDEM (20 iter.) (c) RDEM.

only detected one of the sources. The BDEM and RDEM
algorithms detected both sources.

VII. CONCLUSION
In this paper we presented a family of DEM algorithms for

multiple concurrent source localizations in reverberant environ-
ments, with an unknown number of sources.

Two novel algorithms that are members of this family were
presented, namely the BDEM and the RDEM algorithms. They
are both implemented over a bi-directional tree-based topology.
They both use the same local hidden variables. We analyzed
their implementation from a distributed computation point of
view, by evaluating computational complexity, latency, commu-
nication BW and memory requirements. We also compared the
two algorithms in terms of localization performance using sim-
ulations and real-life recordings. As a reference, we used a cen-
tralized algorithm, namely the SRP-PHAT.
The RDEM outperformed the other algorithms both in terms

of performance and implementation. Moreover, it emerged as
better suited for online applications, since samples are processed
along the time axis (unlike batch processing) and no iterations
are required.
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