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2Dipartimento di Elettronica, Informazione e Bioingegneria, Politecnico di Milano, 20133 Milano, Italy
3Institute of Computer Science (ICS), Foundation for Research & Technology-Hellas (FORTH), Heraklion, 70013 Crete, Greece
4Department of Computer Science, University of Crete, Heraklion, 70013 Crete, Greece
5Department of Electronic Engineering, Inha University, Incheon 22212, Republic of Korea

Correspondence should be addressed to Maximo Cobos; maximo.cobos@uv.es

Received 20 November 2017; Accepted 21 November 2017; Published 13 December 2017

Copyright © 2017 Maximo Cobos et al.This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Acoustic array processing is today an essential part of many
applications involving the analysis of audio signals, such as
hearing aids, hands-free devices, or immersive audio record-
ing. While a number of acoustic sensing and processing
systems have been proposed over the last decades, these have
typically relied on high-throughput computing platforms
and/or expensive microphone arrays. Although microphone
arrays yield a higher performance than single-microphone
systems, some limitations arise from the fact that the position
of the microphones tend to be fixed, and all the signal
processing tasks are performed on a centralized processor.
The alternative is to use comparatively low-resource, dis-
tributed nodes with sensing devices and algorithms aimed
at detecting, localizing, or characterizing acoustic events.
The advantage of these systems is that the wireless, battery-
powered nodes are less expensive and can be easily deployed
in a wide range of environments. Moreover, as opposed to
traditional microphone arrays that sample a sound field only
locally, distributed acoustic sensing systems allowusingmany
more sensors to cover a large area of interest.

Signal processing and machine learning research for
advanced acoustic systems of this type is giving birth to
emerging technologies and services with a great exploitation
potential. Current application domains such as smart cities
and buildings, ambient assisted living, or habitat monitoring
have already demonstrated the interest for acoustic-based
solutions. Internet of Things (IoT) platforms and single-
board computers have substantially increased the capabilities

of sensor networks aimed at acoustic signal processing, open-
ing new possibilities, and challenges for making of sound
a valuable source of information for the development of
new services.Therefore, audio signal processing andmachine
learning forWirelessAcoustic SensorNetworks (WASNs) has
attracted the interest of many authors.

The article by M. Cobos et al., coauthored by the guest
editors of this special issue, provides an extensive survey of
the current state of the art of sound localization approaches
in WASNs. The article assumes the case of a fusion center
where localization takes place and considers both the case
of single and multiple microphones at each WASN node.
The most popular approaches for sound source localization
are presented, including approaches based on signal energy,
Time of Arrival (TOA), Time Difference of Arrival (TDOA),
Direction of Arrival (DOA), and steered-response-power
(SRP) methodologies. The problem of estimating the node
locations (typically referenced as self-localization) is also con-
sidered.The article concludes by posing significant challenges
in this area which are still open and call for further research
efforts.

One of the most common approaches for source local-
ization in WASNs is based on DOAs and envisions the
cooperation of multiple nodes, each estimating a DOA. A
three-dimensional source location estimate typically requires
each node to provide azimuth and elevation of the sources
in the acoustic scene to the central node, with a negative
impact on the hardware costs, as in each node microphones
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must be deployed on a two-dimensional grid, whereas an
azimuth-only DOA would require a linear array. A. Canclini
et al. in the paper “Distributed 3D Source Localization
from 2D DOAMeasurements Using Multiple Linear Arrays”
propose a methodology to overcome this issue, combining
multiple DOAs expressed in terms of azimuth only to yield
a three-dimensional estimate of the source location. The
methodology is based on the observation that an azimuth-
only DOA is referred to the plane where both source and
sensor lie. The original arrays are converted into equivalent
arrays, all lying on the same plane along with the source.
Using this formalism, a cost function is defined, whose
minimization leads to the source location estimate. Authors
test the effectiveness of the novel algorithm against variable
reverberation and signal to noise ratio, also comparing it
with state-of-the-art techniques based on the combination of
azimuth and elevation DOAs.

Source localization algorithms usually rely on the knowl-
edge of the speed of sound. However, a variable speed of
sound can be encountered in several application scenarios
of WASNs, such as multizone buildings and outdoor envi-
ronments. The paper “Acoustic Source Localization under
Variable Speed of Sound Conditions” by P. Annibale and R.
Rabenstein investigates the problem of source localization
under unknown speed of sound. After a revisitation of the
physical foundations of the relation between speed of sound
and temperature, the paper focuses on the reformulation of
the problem of source localization from Time Differences
of Arrival (TDOAs) when the unknown parameters also
include the speed of sound. In particular, the reformulation
is provided for the two main classes of algorithms for source
localization based on TDOAs, namely, Unconstrained Least
Squares and Constrained Least Squares. Authors show the
improvement in source location estimate brought by the
extended formulation. P. Annibale and R. Rabenstein exten-
sively discuss problems different from source localization
that are affected by an unknown speed of sound, ranging
from reflector estimation to TDOA disambiguation. Finally,
authors also shed light on some applications, though not
strictly related to WASNs, where the speed of sound reveals
important information.

Self-localization of acoustic sensors is one of the most
important topics of WASNs for cases when acoustic sensor
nodes are deployed as components of the network without
any prior knowledge of their locations. The paper “Acoustic
Sensor Self-Localization: Models and Recent Results” is a
review paper that covers this topic when the acoustic sensor
nodes exclusively rely on acoustic signals for localization
without relying on any communications among them or any
other types of sensors. In particular, this paper addresses the
scenario when the sensor nodes are positioned in a known
environment with the prior knowledge of the probe signal
and the locations of the sources, or the loudspeakers within
the environment. This enables the self-localization of the
sensor nodes simply by analyzing only the received acoustic
signals at each node. Based on this scenario, this paper first
reviews existing closed-form least squares solutions based on
the measurements of the TOA or the TDOA by considering

two practical issues of their measurements, namely, asyn-
chrony and frequency mismatch between loudspeakers and
the microphones. Then, this paper describes methods based
on the concepts of its well-knowndual problem, that is, sound
source localization for the acoustic sensor localization. The
paper also presents the sliding window technique, matching
pursuit algorithm, and TOA selection for improving the
TOA/TDOA estimates and addresses the topic of designing
the probe signals such that they are inaudible and have low
power for practical deployment. This review paper will serve
as a good starting point for those beginning research in this
field.

Smartphones sold nowadays are commonly equipped
with multiple microphones and loudspeakers. In typical
situations such as in meeting a room where there are
multiple participants each carrying a smartphone, there may
exist several of these, making them great candidates for
constructing an ad hoc WASN. In order to use them as
components of a WASN for joint processing of acoustic
signals, it is essential to determine their locations as well
as their orientations. The paper “Indoor Self-Localization
and Orientation Estimation of Smartphones Using Acoustic
Signals” by H. A. Sánchez-Hevia et al. addresses this topic
for smartphones equipped with at least two microphones
and a loudspeaker by allowing them to communicate with
other smartphones and to play soundwith their loudspeakers.
One of the most challenging problems for self-localization is
the DOA uncertainty that can be caused by various factors
of a WASN. The authors addressed this problem using the
genetic algorithm (GA) in order to overcome the DOA
uncertainty issue and the joint estimation of the orientation in
the maximum-likelihood framework. Although the GA may
add significant computational burden to the system, faster
and parallelized processors are expected to overcome this
issue in near future.

In most WASN applications, each node of the WASN
consists of sensing devices, that is, one or moremicrophones.
However, several interesting applications require each node
to also include actuators, that is, loudspeakers. One such
application is active noise control, where the WASN has
the objective to create a zone of destructive interference in
order to cancel a particular noise source by generating the
appropriate sound signals. In the paper by C. Antoñanzas et
al., the authors consider the problem of active noise control
inWireless Acoustic Sensor Networks and investigate several
control effort strategies which are needed in order not to
violate the power constraints associated with the operation
of the acoustic actuators. They analyze and compare the
different strategies in terms of performance, computational
efficiency, and communication requirements.

Speech enhancement methods for WASNs are another
topic of interest, where the exchange of audio signals between
the wireless nodes is needed. Algorithms for reducing the
amount of data exchange within the network are necessary
from both an energy and bandwidth efficiency perspective.
In the paper by F. de la Hucha Arce et al., an adaptive
quantization scheme to optimize the bit depth of each
exchanged signal that considers its contribution to the speech
enhancement performance is discussed. A multichannel
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Wiener filter framework is considered, proposing a new
metric for adaptive quantization based on the gradient of the
minimummean squared error (MMSE) that leads to a greedy
algorithm. It is also shown that a previously proposed impact
metric is a generalization of the gradient metric. The energy
savings obtained through the use of the greedy adaptive
quantization are discussed both in a simulated and in a real
WASN setup.

Another application of WASNs is also discussed in the
paper byA. Luque et al., entitled “Evaluation of the Processing
Times in Anuran Sound Classification.” The paper proposes
the use of WASNs for habitat monitoring, specifically for the
classification of anuran songs. Their work is focused on the
analysis of the processing times needed on different stages
of the system, including acquisition, feature extraction, and
classification. The paper considers different sets of features
and classifiers, showing the trade-offs arising between classi-
fication accuracy and required processing power in this kind
of WASN applications.

The works included in this special issue confirm the
interest of the research community in taking advantage
of the new advances in hardware and data connectivity
for integrating acoustic-based technologies into a broad
range of applications. The received contributions focused
on important aspects such as sensor self-localization, sound
recognition, speech enhancement, active noise control, or the
localization of acoustic sources. In any case, it is imperative to
continue progressing and putting more research efforts into
many other aspects that are crucial for generalizing the use of
WASNs into future sound-related applications.These include
the development ofmethodologies for the assessment of cost-
effectiveness, the availability of automatic calibration and
deployment methods, the design of energy-efficient signal
processing algorithms, and the appropriate management of
privacy-related issues.

Maximo Cobos
Fabio Antonacci

Athanasios Mouchtaris
Bowon Lee
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This paper considers the effect of effort constraints on the behavior of an active noise control (ANC) system over a distributed
network composed of acoustic nodes. A distributed implementation can be desirable in order to provide more flexible, versatile,
and scalable ANC systems. In this regard, the distributed version of the multiple error filtered-x least mean square (DMEFxLMS)
algorithm that allows collaboration between nodes has shown excellent properties. However, practical constraints need to be
considered since, in real scenarios, the acoustic nodes are equipped with power constrained actuators. If these constraints are
not considered within the adaptive algorithm, the control signals may increase and saturate the hardware devices, causing system
instability. To avoid this drawback, a control effort weighting can be considered in the cost function of the distributed algorithm at
each node. Therefore, a control effort strategy over the output signals at each node is used to keep them under a given threshold
and ensuring the distributed ANC system stability. Experimental results show that, assuming ideal network communications, the
proposed distributed algorithm achieves the same performance as the leaky centralized ANC system. A performance evaluation of
several versions of the leaky DMEFxLMS algorithm in realistic scenarios is also included.

1. Introduction

Recent advances in electronics are enabling the develop-
ment of high performance devices increasingly smaller, less
expensive andwith less power requirements.These electronic
devices are usually equipped with electroacoustic transduc-
ers, such as sensors and actuators, as well as powerful and effi-
cient processors with communication capability. As wireless
communication technologies become affordable, the use of
this kind of devices over wireless sensor networks (WSN) [1]
has been growing during the last years. A WSN consists of
a set of low-power, low-cost, and small-size sensor nodes
specifically distributed in some area to perform a certain task.
Some advantages of the WSNs compared to the traditional
wired networks are scalability and low computational cost [2,
3] among others. In addition, manymore sensors can be used
to cover larger sound zones in order to get more information
from the signals of interest. Different types of WSNs were
developed for various applications, including military and
security monitoring [4] or healthcare applications [5].

The wireless acoustic sensor networks (WASNs) are spe-
cifically designed for acoustic signal processing tasks [6, 7],
such as environmental audiomonitoring [8, 9], binaural hear-
ing aids [10], and audio surveillance [11] as well as industrial
monitoring and control [12]. It seems this kind of networks
will be essential for future audio signal acquisition, control,
and monitoring. In a WASN, the acoustic node usually con-
sists of several microphones connected to a processing unit
with some kind of communication and computation capabil-
ity [13].These passive nodes are interested in the estimation of
the same network signal or parameter [14] or in solving node-
specific estimation problems [15, 16]. The acoustic signals
captured by the sensors are recorded and transmitted by
the processing unit, doing eventually some processing before
the transmission. However, if the WASN has to support a
sound field control application, such as active noise control
(ANC), nodes capable of generating signals via one or more
actuators are required. Furthermore, theWASN should focus
not only on the estimation of a certain parameter or signal,
but also on the generation of the signals that will feed the
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actuators in order to control and modify the sound field [17].
Therefore, we consider an acoustic node as a device capable of
measuring, processing, and generating signals individually as
well as capable of exchanging the necessary information with
other nodes using a suitable communication network. From a
practical point of view, a WASN could be implemented using
smartphones or tablets as acoustic nodes [18]. Nevertheless,
the electroacoustic transducers of these electronic devices
have limited capability, which may affect their frequency
response and the power level of the captured and emitted
sounds, and hence the audio application performance. On the
other hand, note that, in real-time applications, the selection
of the network topology can worsen the system performance,
introducing communication delays [12] and requiring the
use of synchronization mechanisms [19, 20]. Therefore, an
ANC application over a distributed WASN should use a set
of acoustic nodes placed strategically to reach the common
objective of canceling an undesirable noise in some areas of
interest. Every node should process signals independently
and when there exists communication among them, it should
be able to generate the proper output signal as a result
of processing the signal captured by itself as well as the
information received from other nodes.

In particular, the objective of a local ANC system is to
create a zone of destructive interference by generating the
appropriate acoustic waves in order to cancel an undesired
noise [21]. To this end, the system makes use of loudspeakers
devoted to emit the anti-noise signals to try to reduce the
disturbance signal at specific spatial points monitored by
microphones. As the global noise reduction in an entire
enclosure is unfeasible, we can attempt to control the noise
field within a certain area to create local zones of quiet [22].
The greater the wavelength of the signal to be canceled, the
larger the zones of quiet. It has been shown [23] that a
considerable attenuation can be achieved in an area around
the control point with an approximate size of one-tenth of the
wavelength of the signal to be canceled. Out of these quiet
zones, noise level may even increase [24]. Since the charac-
teristics of the acoustic noise source and the environment are
time varying, ANC control system commonly uses adaptive
filters [25] in order to deal with these variations [26]. The
active noise controller adjusts the adaptive filters coefficients
to minimize the noise signal picked up by the microphones.
Themost common form of adaptive filter for ANC systems is
a finite impulse response (FIR) filter using the filtered-x least
mean square (FxLMS) approach [27, 28] based on the well-
known least mean square (LMS) algorithm [29].

Multichannel ANC systems are used to produce larger
zones of quiet and to improve the system performance by
adding multiple loudspeakers and microphones. Typically,
multichannel ANC systems use a single centralized processor
managed by a control algorithm that has access to all
the signals generated by the loudspeakers and captured by
the microphones. However, these systems require costly
infrastructure and they can become unstable since a fail-
ure of the single controller means that no information is
processed. Moreover, the addition of multiple transducers
may increase drastically the computational cost required to
capture, manage, and generate multiple signals. A distributed

approach is often preferred, especially in terms of flexibility,
versatility, and scalability. A distributed system consists of
autonomous processors (or acoustic nodes) which control a
subset of loudspeakers from the signals picked up by a subset
of microphones. These independent nodes are devoted to
collaborate to achieve the same solution as a single centralized
system but distributing the computational burden as well
as the acquisition and signal generation. One of the main
problems of the distributed systems is how to share the
information between the nodes in a controlled and efficient
way.

In the case that there was no acoustic interaction among
the nodes (uncoupled nodes), it is possible to achieve the cen-
tralized cancelation solution (and consequently, the system
stability) by using a decentralized ANC system [30, 31] where
the nodes process independently and they do not collaborate
at all. But, in most of the multichannel ANC cases, the
acoustic interaction among loudspeakers and microphones
is present (coupled nodes). In that case, a distributed ANC
system over a network of collaborative nodes must be used to
reach results equivalent to those of the centralized method.
A distributed ANC approach based on the multiple error
FxLMS (MEFxLMS) algorithm [32] and using incremental
communication strategies [14] was presented in [17] denoted
as DMEFxLMS algorithm.

However, it should be noted that, in practical ANC sys-
tems, the hardware used to generate output signals at each
node has power limitations. In case of saturation of loud-
speakers or amplifiers outputs, the control signals generated
by the adaptive filters may increase making the system
unstable. Note that, in those cases, nonlinearities may cause
the systemdivergence. Apossible strategy is based on limiting
the control signal power by minimizing the energy of the
adaptive filters to avoid the fact that the signals emitted by
the loudspeakers may increase unlimitedly. In this case,
the objective is to control the signals generated by the
adaptive filters at each node in order to limit the amplitude
of the signals reproduced by the loudspeakers. Constraint
techniques have beenwidely used in practical control systems
[33, 34]. Some of them may be intended for use in real
scenarios to improve the processing efficiency [35–37] or even
to reduce nonlinearity effects of the system [38]. A common
way is to use a leakage during the updating of the control
filter coefficients in the LMS algorithm [29]. Because of the
addition of bias to the coefficients’ update, this leaky LMS
algorithm suffers from a degradation in the steady-state error
attenuation [25]. On the contrary, it is possible to stabilize the
system by controlling the value of the leakage coefficient [30].
A possible solution to improve the performance of the leaky
algorithm is to use the clipping and the rescaling strategies
[34]. While clipping method just saturates the output signal,
the rescaling method also scales the filter weights when the
output is too large in order to avoid large oscillations in
the coefficients’ update. The behavior of these methods is
analyzed in [34] for a single-channel ANC system. Regarding
the proper value of the leakage coefficient, although it is
possible to calculate a range to assure the system linearity [38]
or introduce an uneven weight at each node [39], it is usually
chosen by trial and error depending on the signal power
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Figure 1: Distributed WASN of𝑁 nodes for an ANC system.

supported by the system loudspeakers. In order to provide
a more realistic solution for practical implementations, this
paper aims to analyze the effect of control effort weighting on
the behavior of a distributed ANC system over a WASN. To
this end, we analyze the performance of several constrained
methods described in [34] when applied over a network with
distributed nodes and incremental learning without commu-
nication constraints. A study of implementation aspects such
as computational complexity and communication capabilities
among the nodes in the network for the different control
effort strategies is also presented. To our knowledge, no other
analysis of this type has been already reported. In addition,
we propose an intuitive strategy based on limiting the control
signal power to avoid overdriving the loudspeakers that
ensures distributed ANC system stability while reducing
the communication demands of the applied constrained
strategies.

The paper is organized as follows. In Section 2, we derive
the distributed ANC solutions with effort constraints for a
WASN composed of collaborative nodes. The experimental
results carried out to compare the performance of different
leaky strategies in realistic scenarios are shown in Section 3.
Finally, Section 4 outlines themain conclusions of the present
work.

Notation. For the sake of clarity, the following notation has
been used throughout this work: letters in italics denote
scalars (e.g.,𝑥), boldface lowercase letters denote vectors (e.g.,
x), and boldface uppercase letters denote matrices (e.g., X).

2. Description of the Algorithms

Let us consider an ANC systemworking over a homogeneous
WASN of 𝑁 nodes spatially distributed in some area, as
shown in Figure 1.We assume that all the nodes are composed

of a single sensor and a single actuator, execute the same
algorithm, and share the same reference signal,𝑥(𝑛), captured
by a reference sensor used to detect a single disturbance noise
at the discrete time instant 𝑛. Our objective is to estimate an
adaptive filterw𝑘(𝑛) at every node to cancel the acoustic noise
signal at the sensor locations, 𝑑𝑘(𝑛) (where 𝑘 = 1, 2, . . . , 𝑁).
To that end, the control signals 𝑦𝑗(𝑛) (where 𝑗 = 1, 2, . . . , 𝑁),
emitted by the actuators and filtered through the acoustic
system, are designed to minimize the signals recorded at
the sensors, called error signals and denoted by 𝑒𝑘(𝑛). The
acoustic channel that links the actuator of the node 𝑗 and the
sensor of the node 𝑘 (h𝑗𝑘) is usually estimated by means of a
FIR filter of𝑀 coefficients denoted as s𝑗𝑘.

There exist several ways to achieve this objective depend-
ing on the selected strategy. Following [17], we start from a
network centralized approach to derive into the contribution
of every node in a distributed network using an incremental
strategy of the data exchange and assuming practical con-
straints into the solution.

2.1. Centralized MEFxLMS Algorithm Using Control Effort.
Firstly, we consider a centralized strategy where a single
processor receives and transmits all the information through
the network (see Figure 2(a)). This central unit is required
because all the error signals are necessary to calculate the
coefficients of each filter [32]. Note that if we gather the
signals involved in the ANC system depicted in Figure 1 into
the following vectors

e (𝑛) = [𝑒1 (𝑛) 𝑒2 (𝑛) ⋅ ⋅ ⋅ 𝑒𝑁 (𝑛)]𝑇 ,
d (𝑛) = [𝑑1 (𝑛) 𝑑2 (𝑛) ⋅ ⋅ ⋅ 𝑑𝑁 (𝑛)]𝑇 ,

(1)

the information captured by all the error sensors of the
network is defined as

e (𝑛) = d (𝑛) + V𝑇 (𝑛)w (𝑛) , (2)

where vector w(𝑛) = [w𝑇1 (𝑛) w𝑇2 (𝑛) ⋅ ⋅ ⋅ w𝑇𝑁(𝑛)]𝑇 of size[𝐿𝑁×1] concatenates the𝑁 adaptive filtersw𝑘(𝑛) that contain
the 𝐿 filter coefficients of the 𝑘th node. Matrix V(𝑛) =[k1(𝑛) k2(𝑛) ⋅ ⋅ ⋅ k𝑁(𝑛)] is the concatenation of𝑁 vectors of
size 𝐿𝑁 × 1 defined as k𝑘(𝑛) = [k𝑇1𝑘(𝑛) k𝑇2𝑘(𝑛) ⋅ ⋅ ⋅ k𝑇𝑁𝑘(𝑛)]𝑇
being k𝑗𝑘(𝑛) an 𝐿-length vector that contains the last 𝐿
samples of reference signal𝑥(𝑛)filtered through s𝑗𝑘.TheANC
system tries to minimize a cost function that depends on
the acoustic field to be controlled. The most commonly used
centralized adaptive strategy for that purpose is the multiple
error FxLMS algorithm (MEFxLMS) [32] which is devoted
to minimize the sum of the power of the 𝑁 instantaneous
error signals. But, in order tominimize both error and control
signals, an effort penalty may be applied over the adaptive
filters minimizing the following cost function:

J (𝑛) = 𝑁∑
𝑘=1

𝑒2𝑘 (𝑛) + 𝑁∑
𝑘=1

𝛽𝑘w𝑇𝑘 (𝑛)w𝑘 (𝑛)
= e (𝑛)𝑇 e (𝑛) + w𝑇 (𝑛)𝛽w (𝑛) ,

(3)
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Figure 2: (a) A centralized WASN and (b) a ring topology distributed WASN with incremental communication. In (b), data transfer rounds
are represented with different types of lines.

where 𝛽 is a diagonal matrix of size 𝐿𝑁 × 𝐿𝑁 whose
diagonal elements are the 𝑁 values of 𝛽𝑘 replicated 𝐿 times.𝛽𝑘 is the leakage coefficient used to adjust the amplitude
of the adaptive filter coefficients of the node 𝑘. This leak
factor can be viewed as a regularization parameter which
uses values less than 1 causing a gain reduction over the
adaptive filter coefficients. Note that (3) is similar to the cost
function of a multichannel centralized system composed of𝑁 loudspeakers and 𝑁 microphones. As the central unit
uses a gradient-descent method to estimate the adaptive filter
coefficients of the network w(𝑛), the global filter updating
equation of the centralized leaky MEFxLMS (l-CMEFxLMS)
algorithm is stated as follows:

w (𝑛) = w (𝑛 − 1) − 𝜇(𝛽w (𝑛 − 1) + 𝑁∑
𝑘=1

k𝑘 (𝑛) 𝑒𝑘 (𝑛)) , (4)

where 𝜇 is the step size parameter. Given the well-known
drawbacks of the centralized system, such as large computa-
tional and communication demands, the use of a distributed
network is required. A distributed WASN involves not only
the nodes which are physically distributed within a specific
area, but also the processing which is divided among the
nodes. Hence, the implementation of (4) over a network of
distributed nodes will be presented in the following section.

2.2. Collaborative Distributed Algorithm Using Control Effort.
Now, the goal is to distribute the calculation of w(𝑛) among
the 𝑁 nodes of the WASN described in Figure 1 but con-
sidering a ring topology with an incremental strategy when
there are no communication constraints in the network (see
Figure 2(b)). Therefore, the data exchange is carried out in
a consecutive order. To clarify the communications cycle, a

differentiation between consecutive time indexes, 𝑛 − 1 and𝑛, is represented in Figure 2(b). Note that, at each sample
time 𝑛, all the necessary data transfer rounds, in which nodes
interchange their information, must be completed. We must
split up the sum of the global updating equation into the
contributions of each node; that is, the 𝑘th term in the sum
of (4) can be only calculated by the 𝑘th node. Defining w(𝑛)
as the global state of the network and considering w𝑘(𝑛) as a
local version ofw(𝑛) at the 𝑘th node, fromnode 𝑘 = 1 to node𝑘 = 𝑁, we can split up the contribution of each node in (4) as
described in [17]:

w1 (𝑛) = w0 (𝑛) − 𝜇( 𝛽𝑁w (𝑛 − 1) + k1 (𝑛) 𝑒1 (𝑛)) ,
w2 (𝑛) = w1 (𝑛) − 𝜇( 𝛽𝑁w (𝑛 − 1) + k2 (𝑛) 𝑒2 (𝑛)) ,

...
w𝑁 (𝑛) = w𝑁−1 (𝑛) − 𝜇( 𝛽𝑁w (𝑛 − 1) + k𝑁 (𝑛) 𝑒𝑁 (𝑛)) ,

(5)

where w0(𝑛) = w𝑁(𝑛 − 1) = w(𝑛 − 1). Note that since
every node calculates its portion of the sum and supplies
to the following node its partial result, the last node, 𝑁th
node, contains the complete updated coefficients. Therefore,
the updating filter equation of the 𝑘th node by using the leaky
DMEFxLMS algorithm (l-DMEFxLMS) can be expressed as

w𝑘 (𝑛) = w𝑘−1 (𝑛) − 𝜇( 𝛽𝑁w (𝑛 − 1) + k𝑘 (𝑛) 𝑒𝑘 (𝑛)) . (6)
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In order to achieve the same performance as the central-
ized strategy, the updated coefficients of the last node,w𝑁(𝑛),
must be disseminated to the rest of the nodes for the (𝑛+1)th
iteration. The reason is because every node needs the global
state of the network at the previous iteration (w(𝑛 − 1)) to
perform the partial updating of its coefficients. This means
that 2(𝑁 − 1) interchanges of the filter coefficients among
the nodes per each sample are carried out (Figure 2(b)). In
order to carry out a simple and transparent data exchange,
we consider that every node can interchange only its local
state of the network with its following node. Since w(𝑛 − 1)
is unavailable in (6), each node uses the local state of the
last node, which contains the global state of the network at
the previous iteration (w0(𝑛) = w𝑁(𝑛 − 1) = w(𝑛 − 1)).
It should be noted that only the local information, w𝑘(𝑛) =
w𝑘(𝑛−1)(1+𝐿(𝑘−1):𝐿𝑘), is needed to generate the 𝑘th node output
signal 𝑦𝑘(𝑛).

As commented previously, we have considered homoge-
neous nodes to achieve the updating equation presented in
(4). This implies that all nodes compute the same operations
and execute the same algorithm. However, considering a
WASN composed by nonhomogeneous nodes, (4) might be
computed in a different manner. For instance, the first node,
which updates its coefficients in the incremental sequence,
could assume the full computation of the control effort releas-
ing the remaining nodes to perform them. More specifically,
the first node could calculate its local state as

w1 (𝑛) = w0 (𝑛) − 𝜇 (𝛽w (𝑛 − 1) + k1 (𝑛) 𝑒1 (𝑛)) , (7)

while the rest of the nodes could update their coefficients as

w𝑝 (𝑛) = w𝑝−1 (𝑛) − 𝜇k𝑝 (𝑛) 𝑒𝑝 (𝑛) , (8)

where𝑝 = 2, 3, . . . , 𝑁.Thus, the dissemination of the updated
coefficients can be eliminated reducing the communications
demands at the expenses of an increase in the computational
cost of the first node.

On the other hand, the clipping strategy described in
[34] could be applied to the l-DMEFxLMS algorithm. That
strategy addresses the problem of saturation in amplifiers
or loudspeakers by limiting the output power. If the output
signal power is greater than an upper threshold, a simple
solution lies in limiting the output power to the threshold
value. Defining 𝑦𝑘max

as the maximum allowed value of the
output signal at each node 𝑘, the clipping l-DMEFxLMS
algorithm is given by

if
𝑦𝑘 (𝑛) > 𝑦𝑘max

,
𝑦
𝑘
(𝑛) = 𝑦

𝑘
(𝑛) 𝛼𝑘 𝑦𝑘max𝑦𝑘 (𝑛)

, (0 < 𝛼𝑘 < 1)
end if

𝑦𝑘 (𝑛) = 𝑦𝑘 (𝑛) ,

(9)

where 𝑦
𝑘
(𝑛) is defined as the provisional output signal at 𝑘th

node, calculated as

𝑦
𝑘
(𝑛) = w𝑇𝑘 (𝑛)X (𝑛) , (10)

beingX(𝑛) a properly arrangedmatrix of size [𝐿×𝑀] defined
as

X (𝑛)

=
[[[[[[
[

𝑥 (𝑛) 𝑥 (𝑛 − 1) ⋅ ⋅ ⋅ 𝑥 (𝑛 −𝑀 + 1)
𝑥 (𝑛 − 1) 𝑥 (𝑛 − 2) ⋅ ⋅ ⋅ 𝑥 (𝑛 −𝑀 + 2)

... ... d
...

𝑥 (𝑛 − 𝐿 + 1) 𝑥 (𝑛 − 𝐿 + 2) ⋅ ⋅ ⋅ 𝑥 (𝑛 − (𝐿 +𝑀) + 2)

]]]]]]
]
. (11)

Depending on the value of the parameter 𝛼𝑘, a satu-
ration (𝛼𝑘 = 1) or compression (0 < 𝛼𝑘 < 1) effect
on the dynamic range of the output may be applied at a
certain threshold 𝑦𝑘max

. To avoid large oscillations in the
coefficients’ update, the rescaling method could be applied to
the clipping l-DMEFxLMS algorithm leading to the rescaling
l-DMEFxLMS algorithm. To this end, it is only necessary to
add to (9) the rescaling of the adaptive filters as follows:

if
𝑦𝑘 (𝑛) > 𝑦𝑘max

,
𝑦
𝑘
(𝑛) = 𝑦

𝑘
(𝑛) 𝛼𝑘 𝑦𝑘max𝑦𝑘 (𝑛)

,

w𝑘 (𝑛) = w𝑘 (𝑛)(𝐿(𝑘−1)+1:𝐿𝑘) 𝛼𝑘 𝑦𝑘max𝑦𝑘 (𝑛)
,

w𝑘 (𝑛)(1+𝐿(𝑘−1):𝐿𝑘) = w𝑘 (𝑛) ,
end if

𝑦𝑘 (𝑛) = 𝑦𝑘 (𝑛) .

(12)

Algorithm 1 illustrates a summary of the rescaling l-
DMEFxLMS algorithm pseudocodes, which are executed per
sample time at each node. Comparing (9) and (12), it can
be seen that while the clipping l-DMEFxLMS algorithm only
rescales the output, the rescaling l-DMEFxLMS algorithm
rescales both the output and the filter coefficients. The
dual rescaling prevents stability problems since the coeffi-
cients update is uncorrelated with the filter output when
the clipping strategy is working [34, 36]. It is important
to take into account the fact that the system stability is
ensured by applying the suitable constraints over the output
signal, although too restrictive saturation levels could result
in performance impairments. Furthermore, the rescaling l-
DMEFxLMS algorithm requires a higher data transfer speed
compared to the l-DMEFxLMS algorithm. This result from
the fact that 3(𝑁 − 1) coefficients are exchanged among
the nodes (see Figure 3(a)): a first round where each node
passes the global state of the network at the previous iteration,
w(𝑛 − 1), to the following node; a second round where each
node receives the information of the previous node, w𝑘−1(𝑛),
calculates its local version w𝑘(𝑛) with the help of w(𝑛 − 1),
and supplies to the following node its partial result; and
finally, a third round where each node rescales its portion
within w𝑘(𝑛), passes its local state to the following node,
and generates its output signal with the rescaled coefficients.
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(1) for all 𝑛𝑜𝑑𝑒 1 ≤ 𝑘 ≤ 𝑁 do
(2) w𝑘(𝑛) = w𝑘−1(𝑛) % Copy local state of previous node (at node 𝑘 = 1, w0(𝑛) = w(𝑛 − 1))
(3) w𝑘(𝑛) = w𝑘(𝑛)(1+𝐿(𝑘−1):𝐿𝑘) % Obtain local coefficients to generate the output signal
(4) 𝑦

𝑘
(𝑛) = w𝑇𝑘 (𝑛)X(𝑛) % Provisional output signal

(5) for all 1 ≤ 𝑗 ≤ 𝑁 do
(6) k𝑗𝑘(𝑛) = X(𝑛)s𝑗𝑘 % Vector that contains reference signal filtered by estimated acoustic channels
(7) end for
(8) w𝑘(𝑛) = w𝑘−1(𝑛) − 𝜇((𝛽/𝑁)w𝑘(𝑛) + k𝑘(𝑛)𝑒𝑘(𝑛)) % Update local state
(9) if |𝑦

𝑘
(𝑛)| > 𝑦𝑘max

% If provisional output signal is greater than threshold
(10) 𝑦

𝑘
(𝑛) = 𝑦

𝑘
(𝑛)𝛼𝑘(𝑦𝑘max

/|𝑦
𝑘
(𝑛)|) % Rescale provisional output signal

(11) w𝑘(𝑛) = w𝑘(𝑛)(𝐿(𝑘−1)+1:𝐿𝑘) 𝛼𝑘(𝑦𝑘max
/|𝑦
𝑘
(𝑛)|) % Rescale its portion within its local state

(12) w𝑘(𝑛)(1+𝐿(𝑘−1):𝐿𝑘) = w𝑘(𝑛) % Updated local state with rescaled coefficients
(13) end if
(14) 𝑦𝑘(𝑛) = 𝑦𝑘(𝑛) % Generate output signal
(15) end for
(16) w(𝑛) = w𝑁(𝑛) % Updated global state of the network properly rescaled
(17) for all 𝑛𝑜𝑑𝑒 1 ≤ 𝑘 ≤ (𝑁 − 1) do
(18) w𝑘(𝑛) = w(𝑛) % Disseminate global state of the network
(19) end for

Algorithm 1: Rescaling l-DMEFxLMS algorithm for𝑁-nodes WASN.
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Figure 3: Two ring topology distributed WASNs with incremental communication using (a) the rescaling l-DMEFxLMS algorithm and (b)
the 1r rescaling l-DMEFxLMS algorithm. Data transfer rounds are represented with different types of lines.

Thus, the last node will obtain the updated global state of the
network properly rescaled which will be necessary at the time
of dissemination to the rest of the nodes in the first round of
the following iteration. Note that, in the last round, each node
may supply only its rescaled portion directly to the last node.
However, it would be necessary a different communication
strategy to fulfill this solution.

With the aim of reducing the communication demands
of this algorithm, a one-round strategy is proposed (1r

rescaling l-DMEFxLMS). Using this method, in one round
each node receives the information from its precedent node,
w𝑘−1(𝑛), calculates its local version w𝑘(𝑛) with the help of its
information at the previous iteration, w𝑘(𝑛 − 1), and supplies
to the following node its partial result with its portion
previously rescaled. At the same time, each node generates
its rescaled output signal. Note that, in this case, instead of
using the global state of the network at the previous iteration
in the updating equation, each node uses its local state at
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(1) for all 𝑛𝑜𝑑𝑒 1 ≤ 𝑘 ≤ 𝑁 do
(2) w𝑘(𝑛) = w𝑘(𝑛)(1+𝐿(𝑘−1):𝐿𝑘) % Obtain local coefficients to generate the output signal
(3) 𝑦

𝑘
(𝑛) = w𝑇𝑘 (𝑛)X(𝑛) % Provisional output signal

(4) for all 1 ≤ 𝑗 ≤ 𝑁 do
(5) k𝑗𝑘(𝑛) = X(𝑛)s𝑗𝑘 % Vector that contains reference signal filtered by estimated acoustic channels
(6) end for
(7) w𝑘(𝑛) = w𝑘−1(𝑛) − 𝜇((𝛽/𝑁)w𝑘(𝑛 − 1) + k𝑘(𝑛)𝑒𝑘(𝑛)) % Update local state
(8) if |𝑦

𝑘
(𝑛)| > 𝑦𝑘max

% If provisional output signal is greater than threshold
(9) 𝑦

𝑘
(𝑛) = 𝑦

𝑘
(𝑛)𝛼𝑘(𝑦𝑘max

/|𝑦
𝑘
(𝑛)|) % Rescale provisional output signal

(10) w𝑘(𝑛) = w𝑘(𝑛)(𝐿(𝑘−1)+1:𝐿𝑘) 𝛼𝑘(𝑦𝑘max
/|𝑦
𝑘
(𝑛)|) % Rescale its portion within its local state

(11) w𝑘(𝑛)(1+𝐿(𝑘−1):𝐿𝑘) = w𝑘(𝑛) % Updated local state with rescaled coefficients
(12) end if
(13) 𝑦𝑘(𝑛) = 𝑦𝑘(𝑛) % Generate output signal
(14) end for

Algorithm 2: 1r rescaling l-DMEFxLMS algorithm for𝑁-nodes WASN.

the previous iteration, w𝑘(𝑛 − 1). Thus, the dissemination
of the updated coefficients is avoided and it is possible to
reduce the data transfer among the nodes making (𝑁 −1) interchanges of the filter coefficients, as it can be seen
in Figure 3(b). Algorithm 2 illustrates a summary of the 1r
rescaling l-DMEFxLMS algorithm pseudocodes, which are
executed per sample time at each node. Note that since the
updated coefficients are not fully shared among the nodes,
the behavior of the 1r rescaling l-DMEFxLMS algorithm is
not exactly the same as the rescaling approach. Because the
coefficients exchange is carried out in a consecutive order,
those differences may result more relevant in larger WASN.
This is a consequence of the incremental learning where each
node computes a part of the global filter, aggregates it to the
given filter, and passes it to the following node. In this way,
nodes closer to the last node have a more accurate estimation
of the global filter. This could deteriorate the convergence
speed of the 1r rescaling l-DMEFxLMS algorithm in com-
parison to the rescaling l-DMEFxLMS strategy. However, in
the case ofWASN composed of few nodes, bothmethods will
obtain a similar performance in terms of convergence speed
and noise reduction. A performance comparison between all
the proposed algorithms is presented in the following section.

3. Simulation Results

In this section, we present the simulations carried out to
evaluate the performance of the presented distributed algo-
rithms over networks with no communication constraints.
In a first stage, we have compared the performance of both
the l-CMEFxLMS and l-DMEFxLMS algorithms in order to
validate the theoretical solution outlined in Section 2.2. In
a second stage, we have justified the use of the constrained
techniques comparing the performance of the DMEFxLMS
algorithm (described in [17]) and its leaky version (l-
DMEFxLMS). Subsequently, we have validated the need of
using the clipping and rescaling methods (analyzed in [34])
in order to fulfill the loudspeakers output constraint as well
as the use of the proposed one-round strategy (1r rescaling

Node
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Node
4

Node
1

Node
2

80 cm20 cm

Figure 4: WASN of four nodes for an ANC system.

l-DMEFxLMS) to reduce the communication demands of the
network. To this end, we have compared the l-DMEFxLMS,
the clipping l-DMEFxLMS, the rescaling l-DMEFxLMS, and
the 1r rescaling l-DMEFxLMS algorithms in terms of final
noise reduction, convergence behavior, computational com-
plexity, and communication requirements. All the algorithms
have been tested in a homogeneous WASN composed of
four single-channel nodes, as shown in Figure 4. Only the
nodes with the best and the worst performance are shown
in the simulations in order to assess the behavior of the
WASN. The performance of the other nodes remains within
this range. For the designed WASN, we use real acoustic
channels measured in a listening room of 9.36 meters long,4.78 meters wide, and 2.63 meters high, located at the
Audio Processing Laboratory of the Polytechnic University
of Valencia [40], and modelled as FIR filters of 𝑀 = 256
coefficients at a sampling rate of 2 kHz. The configuration
of the simulated WASN is depicted as follows: four nodes
composed of one loudspeaker and one microphone were
considered. An equal separation of 20 cm between adjacent
loudspeakers was selected. The microphones were placed
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opposite to the loudspeakers and separated 80 cm away from
them. The separation between the microphones was 20 cm.
All microphones and loudspeakers involved were located at
a height of 147 cm. The tested distribution emulates a real
ANC application where we would seek to create local quiet
zones in enclosures (such as a cabin of a public transport)
using WASNs of acoustic nodes with similar separation as
detailed above. We have considered a wideband zero-mean
Gaussian white noise with unit variance as disturbance signal
and an adaptive filter length of 𝐿 = 150 coefficients. An
initial step size parameter of 𝜇 = 0.0125 as the highest value
that ensures the stability of the algorithms has been used
in the first simulations. Furthermore, we have considered a
maximum allowed value of the output signals of 𝑦𝑘max

= 1.0
and an attenuation parameter of 𝛼𝑘 = 1 for all the nodes and
all the simulations. Initially, we use a leakage parameter of𝛽𝑘 = 0.01 for all the nodes.The reason of this leakage value is
explained below.

In order to evaluate the performance of the different
algorithms, we define the instantaneous noise reduction at
node 𝑘, NR𝑘(𝑛), as the ratio in dB between the estimated error
powers with and without the application of the active noise
controller:

NR𝑘 (𝑛) = 10 ⋅ log10 [ 𝑒
2
𝑘 (𝑛)𝑑2
𝑘 (𝑛)] , (13)

where 𝑑2𝑘(𝑛) is the signal power picked up at the 𝑘th micro-
phone when the ANC system is inactive and 𝑒2𝑘(𝑛) is the
error signal power measured at the 𝑘th microphone when
the ANC system works. Moreover, these signals powers have
been estimated by applying an exponential windowing to the
instantaneous signals.

3.1. Comparison between Centralized and Distributed Leaky
Approaches. In the first simulation, we compare the noise
reduction of a leaky centralized ANC system with one
reference signal, four actuators, and four sensors (1 : 4 : 4
configuration) and a leaky distributed ANC system with 4
single-channel nodes. Figure 5 shows the time evolution of
the NR𝑘(𝑛) for both the l-CMEFxLMS and the l-DMEFxLMS
algorithms for the microphone with best and worst perfor-
mance in the centralized case and the node with the best and
worst performance in the distributed case. As expected, the
distributed implementation exhibits exactly the same results
as the centralized version in terms of convergence speed and
final residual noise, providing an attenuation up to 12 dB for
the worst node and almost 14 dB for the best node.

3.2. Improving the Performance of the DMEFxLMs in Practical
Scenarios. In the second simulation, we compare the perfor-
mance of the DMEFxLMS algorithm with the l-DMEFxLMS
strategy in order to justify its use in practical scenarios. As
the previous simulation, an ANC system over a 4-single-
channel-node WASN has been considered. Figure 6 shows
the NR𝑘(𝑛) for both algorithms at the nodes with the best and
the worst performance. Two behaviors of the DMEFxLMS
algorithm have been differentiated: its performance in a real
scenario (denoted as real DMEFxLMS) and its performance
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Figure 5: Noise reduction of the distributed system (solid line) with
4 single-channel nodes and the centralized system (dashed line)with
a 1 : 4 : 4 configuration with 𝛽𝑘 = 0.01 represented for the best and
worst microphone.

in an ideal scenario (denoted as ideal DMEFxLMS). The real
version emulates how the loudspeaker saturation influences
the behavior of the distributed algorithm. On the other hand,
the effect of the loudspeaker saturation is not considered in
the ideal version.The time variations of the control signal for
both algorithms at the worst node are shown in Figures 7(a)
and 7(b), respectively. The amplitude of the control signals is
normalized being+1 and−1 themaximumand theminimum
signal amplitudes that can be produced by the loudspeakers.
It can be shown that both the ideal and the real DMEFxLMS
behaviors initially outperform the l-DMEFxLMS algorithm
in terms of convergence speed and noise reduction but when
they reach certain point, the real version turns unstable and
does not converge. This is because the DMEFxLMS method
fails to satisfy the control output constraint as shown in
Figure 7(a). Consequently, the appearance of nonlinearities
due to the loudspeakers saturation leads to the divergence
of the DMEFxLMS algorithm. To avoid this, we use the l-
DMEFxLMS algorithm with 𝛽𝑘 = 0.01 for all the nodes
selected by trial and error.Thus, the l-DMEFxLMS algorithm
fulfills the constraint by limiting the maximum output signal
(see Figure 7(b)), achieving a NR𝑘(𝑛) around 10 dB for the
best and the worst node, as it can be seen in Figure 6.
For simplicity, and since the use of the leaky method in
real scenarios has been justified, the effect of loudspeakers
saturation on the performance of the leaky algorithms has not
been considered in the next simulations.

3.3. Comparison between Distributed Leaky Approaches. Fur-
thermore, it is possible to improve the performance of the
l-DMEFxLMS algorithm, in terms of final attenuation, ful-
filling the output signal constraint addressed by the clipping
and the rescaling l-DMEFxLMS algorithms.This can be seen
in Figures 8 and 9 where the leakage parameter 𝛽𝑘 was
selected as 0.001 for all nodes of a 4-node WASN, in order to
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Figure 6: Noise reduction obtained for the ideal DMEFxLMS, the real DMEFxLMS, and the l-DMEFxLMS algorithms using a four-node
WASN with 𝛽𝑘 = 0.01 at the nodes (a) with the best performance and (b) with the worst performance.

0 5040302010
Time (s)

−1

−0.5

0

0.5

1

A
m

pl
itu

de

(a)

−1

−0.5

0

0.5

1

A
m

pl
itu

de

10 20 30 40 500
Time (s)

(b)

Figure 7: Time evolution of the control signals for both the (a)DMEFxLMS and (b) l-DMEFxLMS algorithms at theworst node.The threshold
is represented by dashed lines.
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Figure 8: Behavior of the l-DMEFxLMS, the clipping l-DMEFxLMS, and the rescaling l-DMEFxLMS algorithms in a four-nodeWASN with𝛽𝑘 = 0.001 at the best node: (a) time evolution of the noise reduction obtained and (b) time evolution of the first filter coefficient.
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Figure 9: Time evolution of the control signals for the (a) l-DMEFxLMS algorithm, (b) clipping l-DMEFxLMS algorithm, and (c) rescaling
l-DMEFxLMS algorithm at the best node. The threshold is represented by dashed lines.

increase the noise reduction of the leaky methods. Note that
for 𝛽𝑘 = 0.01, we will obtain the same results as the previous
simulation since the leaky algorithms keep their output signal
powers below the allowed threshold, 𝑦𝑘max

, as it was described
in (9) and (12). As the behavior of the four nodes of the
network is similar, only the results obtained for the node
with the best performance have been shown. As shown in
Figure 8(a), all algorithms present similar noise attenuation
levels providing 12 dB of noise reduction in the three cases.
Regarding the convergence behavior of the first adaptive
filter coefficient, plotted in Figure 8(b), it can be observed
that it is almost identical for the three methods. However,
the l-DMEFxLMS algorithm, as seen from Figure 9(a), fails
to satisfy the output constraint requirement at certain time
instants which may lead to system instability, as justified
in the previous simulation. On the contrary, the output
signal level of both clipping and rescaling l-DMEFxLMS
algorithms is under the threshold fixed by the constraint, as
it is illustrated by Figures 9(b) and 9(c).

3.4. Experiments with Periodic Noise as Input Signal. On
the other hand, the clipping algorithm can lead to system
instability as a result of the unpredictable behavior of its
adaptive filter coefficients [34]. This can be observed in the
next simulation where a periodic noise with 100Hz, 200Hz,400Hz, and 600Hz components has been used as disturbance
signal. As the previous case, Figures 10–12 show only the
results obtained for the best node of a four-node WASN. In
this case, the highest value of the step size parameter that
ensures the stability of the algorithms was set to 𝜇 = 0.005.

Regarding the leakage parameter, a value of 𝛽𝑘 = 0.01 for
all the nodes was selected. Note that a higher value of 𝛽𝑘
wouldmaintain the output signal power of the l-DMEFxLMS
algorithm below the threshold (see Figure 11(a)) obtaining a
similar performance for the three algorithms. However, as it
can be seen in the previous simulations, the smaller leakage
parameter, the larger noise attenuation.

Under these conditions, as shown in Figure 10(a), both
the rescaling l-DMEFxLMS and the l-DMEFxLMS algo-
rithms show a stable behavior providing an attenuation up
to 16 dB for the first one and almost 20 dB for the second
one. However, as the previous simulation, note that the
control output constraint of the l-DMEFxLMS algorithm
was exceeded, as shown in Figure 11(a), while the rescal-
ing l-DMEFxLMS strategy satisfies the output constraint
(see Figure 11(c)). Although the clipping l-DMEFxLMS
method fulfills the maximum output signal constraint (see
Figure 11(b)), it achieves the worst performance in terms of
final residual noise, obtaining a NR𝑘(𝑛) of 10 dB for the best
node. As it can be seen in Figure 10(b) and regarding the
time evolution of the first filter coefficient, while both the
l-DMEFxLMS and the rescaling l-DMEFxLMS algorithms
exhibit a stable convergence, the coefficient of the clipping
l-DMEFxLMS algorithm presents a significant oscillation.
Although this behavior does not lead to system instability,
it can result in the appearance of undesired frequency com-
ponents at the spectrum of the error signal. The magnitude
of the power spectral density of the error signal when the
ANC system is off compared to the attenuation obtained
by the three leaky strategies is represented in Figure 12.
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Figure 10: Behavior of the l-DMEFxLMS, the clipping l-DMEFxLMS, and the rescaling l-DMEFxLMS algorithms in a four-nodeWASNwith𝛽𝑘 = 0.01 at the best node: (a) time evolution of the noise reduction obtained and (b) time evolution of the first filter coefficient.
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Figure 11: Time evolution of the control signals for the (a) l-DMEFxLMS algorithm, (b) clipping l-DMEFxLMS algorithm, and (c) rescaling
l-DMEFxLMS algorithm at the best node. The threshold is represented by dashed lines.

It can be seen from Figures 12(b), 12(c), and 12(d) that
all the methods, the l-DMEFxLMS algorithm, the clipping
l-DMEFxLMS algorithm, and the rescaling l-DMEFxLMS
algorithm, reduce the noise at the frequencies of interest,100Hz, 200Hz, 400Hz, and 600Hz, obtaining an attenuation
of almost 30 dB, 20 dB, 12 dB, and 14 dB, respectively. It
can be observed that the rescaling l-DMEFxLMS algorithm
introduces undesired noise at 500Hz and 800Hz, as can be
seen in Figure 12(d). However, the clipping l-DMEFxLMS
algorithm introduces much more additional harmonics, sig-
nificantly at high frequencies, as shown in Figure 12(c). At
least, five new harmonics appear at the frequencies 300Hz,500Hz, 700Hz, 800Hz, and 900Hz, achieving more than

50 dB in all of them. This may lead to the instability of the
ANC system in real scenarios, probably caused by the strong
saturation applied to the control signal (see Figure 11(b)).
Since the l-DMEFxLMS algorithm does not ensure fulfill-
ment of the constraint and the clipping l-DMEFxLMS algo-
rithm may present some potential problems of stability, the
rescaling l-DMEFxLMS algorithm exhibits the best overall
performance, providing both the higher noise reduction and
the system stability and fulfilling the output signal con-
straint.

3.5. Computational Complexity and Communication Require-
ments. Table 1 compares the computational complexity (in
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Figure 12: (a) Power spectrum of the error signal for the ANC off and attenuation reached by the (b) l-DMEFxLMS algorithm, (c) clipping
l-DMEFxLMS algorithm, and (d) rescaling l-DMEFxLMS algorithm compared to (a) at the best node of the four-node WASN.

Table 1: Total number of multiplications (MUX) and data transfer per iteration regarding (1) the computational complexity and (2) the
communication requirements of the algorithms, respectively. 𝐿: length of the adaptive filters;𝑀: length of the acoustic paths;𝑁: number of
nodes. As an example, some typical cases considering 𝐿 = 150,𝑀 = 256, and𝑁 = 2, 4, and 8 nodes have been evaluated.

Algorithms Generic 𝑁 = 2 𝑁 = 4 𝑁 = 8

(1) Computational complexity (MUX)

l-DMEFxLMS 𝐿𝑁(1 + 𝐿𝑁) +𝑀𝑁 + 𝐿 + 1 90963 361775 1443399
Clipping l-DMEFxLMS 𝐿𝑁(1 + 𝐿𝑁) +𝑀𝑁 + 𝐿 + 2 90964 361776 1443400
Rescaling l-DMEFxLMS 𝐿𝑁(2 + 𝐿𝑁) +𝑀𝑁 + 𝐿 + 1 91263 362376 14446001r rescaling l-DMEFxLMS 𝐿𝑁(2 + 𝐿𝑁) +𝑀𝑁 + 𝐿 + 1 91263 362376 1444600

(2) Communication requirement (data transfer)

l-DMEFxLMS 2𝐿𝑁(𝑁 − 1) 600 3600 16800
Clipping l-DMEFxLMS 2𝐿𝑁(𝑁 − 1) 600 3600 16800
Rescaling l-DMEFxLMS 3𝐿𝑁(𝑁 − 1) 900 5400 252001r rescaling l-DMEFxLMS 𝐿𝑁(𝑁 − 1) 300 1800 8400

terms of multiplications per iteration) and the communi-
cation requirements (data transfer) of the distributed leaky
ANC algorithms. The transmitted filter coefficients will be
proportionally related to the transmitted bits depending
on the used coding. The l-CMEFxLMS algorithm has not
been included in the table because it has exactly the same

computational complexity as the l-DMEFxLMS algorithm.
To this end, we consider a network of 𝑁 single-channel
nodes. For simplicity, we assume that each node has access to𝑥(𝑛) through an alternative broadcast channel.Therefore, the
reference signal has not been considered in the calculation
of the data transfer. Note that, for all the algorithms, the
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Figure 13: Noise reduction obtained for both the rescaling and the 1r rescaling l-DMEFxLMS algorithms using a four-node WASN at the
node with the best performance with 𝛽𝑘 = 0.001. To observe (a) both transient and steady state or (b) only the transient state.

computational complexity depends on 𝐿, 𝑀, and 𝑁 while
the communication requirements only depends on 𝐿 and𝑁. Then, both implementation aspects are particularized
for 𝑁 = 2, 𝑁 = 4, and 𝑁 = 8. Results show that
the computational cost of the rescaling versions is slightly
higher than the l-DMEFxLMS and clipping l-DMEFxLMS
algorithms. Although there are no significant differences
between them, it is important to take into account the fact that
the computational complexity of all l-DMEFxLMS strategies
increases significantly with the number of nodes. Regard-
ing the communication needs, the rescaling l-DMEFxLMS
strategy has higher requirements as shown in Table 1. For
an incremental-learning 𝑁-node network, the rescaling l-
DMEFxLMS method needs that every node transfers 𝐿𝑁 ×1 coefficients to the following node 3(𝑁 − 1) times in
each iteration. However, using the 1r rescaling l-DMEFxLMS
algorithm, a data stream of 𝐿𝑁(𝑁− 1) samples is propagated
through the nodes, reducing the data transfer of the network.
Note that, as expected, the same relation is maintained
as the number of nodes increases. Following an example
under the same configuration as described in [41], note that
the clipping and rescaling l-DMEFxLMS algorithms would
need a transfer rate of 16.1 and 24.2 megabytes per second
(MBps), respectively, on an incremental four-node WASN.
However, the 1r rescaling l-DMEFxLMS algorithm would
need a transfer rate of at least 8.1MBps.Therefore, in the last
case, we could use a wireless network of 10MBps to perform
the required data transfer among the nodes.

3.6. Comparison between Rescaling Approaches. Finally, to
compare the behavior of the two rescaling strategies, Figure 13
shows the time evolution of the NR𝑘(𝑛) for the rescaling l-
DMEFxLMS algorithm and the 1r rescaling l-DMEFxLMS
algorithm for the node with the best performance of a four-
node WASN. We have considered, as disturbance signal, the
wideband noise used at the first simulations as well as a step
size parameter of 𝜇 = 0.001 and a leakage parameter of 𝛽𝑘 =0.001 for all the nodes. As it can be seen in Figure 13(a), the 1r

rescaling l-DMEFxLMS algorithm presents similar results as
the rescaling l-DMEFxLMSmethod in terms of final residual
noise providing an attenuation up to 11 dB. As commented
in Section 2, to avoid the dissemination of the update coeffi-
cients would affect the convergence speed of the 1r rescaling
l-DMEFxLMS algorithm. However, differences between both
strategies are negligible, as it can be seen from Figure 13(b).
While in this case, the 1r rescaling l-DMEFxLMS strategy
does not introduce strong degradation in the performance
of the rescaling l-DMEFxLMS algorithm, it should be noted
that, in other cases, such as larger WASN, the differences
could be more relevant. To this end, in Figure 14, the time
evolution of the NR𝑘(𝑛) for the rescaling l-DMEFxLMS
algorithm and the 1r rescaling l-DMEFxLMS algorithm for
the node with the best performance of a sixteen-nodeWASN
can be seen. In this case, differences between both algorithms,
in terms of convergence speed, are slightly larger than the pre-
vious simulation, as it is shown in Figure 14(b). Differences in
the result of the algorithms may become more evident if we
use an increased numbers of nodes (maybe as many nodes as
filter coefficients) or wework by block of samples. Since the 1r
rescaling l-DMEFxLMS algorithm exhibits similar behavior
to the rescaling l-DMEFxLMS algorithm, their results have
not been included in the previous simulations. Note that all
the results accomplished in this work depend on particular
settings and parameter configuration.

4. Conclusions

In this paper, several control effort strategies have been
implemented on a distributed ANC system over an ideal
WASN using a collaborative incremental strategy. For this
purpose, four new approaches have been derived from the
DMEFxLMS to ensure ANC system stability in practical sce-
narios. Results show that the distributed version of the leaky
MEFxLMS (l-DMEFxLMS) algorithm exhibits the same per-
formance as its leaky centralized version (l-CMEFxLMS)
when there are no communication constraints in the network.
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Figure 14: Noise reduction obtained for both the rescaling and the 1r rescaling l-DMEFxLMS algorithms using a sixteen-nodeWASN at the
node with the best performance with 𝛽𝑘 = 0.001. To observe (a) both transient and steady state or (b) only the transient state.

We have carried out simulations to show the performance
of the distributed leaky approaches in different scenarios.
The use of the l-DMEFxLMS algorithm in practical cases at
the expense of worsening the system performance has been
justified. In this regard, an appropriate leakage parameter
value is required to reduce the performance degradation: high
enough to fulfill the constraint but also low enough to obtain
a good noise reduction. It has been demonstrated that both
the clipping and the rescaling l-DMEFxLMS algorithms allow
us to use low leakage values keeping the output constraint
controlled. In addition, attenuation noise levels close to those
obtained by the DMEFxLMS algorithm in an ideal scenario
have been achieved for both methods. Due to the stability
problems of the clipping l-DMEFxLMS strategy, the use of the
rescaling l-DMEFxLMS algorithm ismore promising inmost
cases. A simplified version of the rescaling l-DMEFxLMS
algorithm is proposed, called 1r rescaling l-DMEFxLMS algo-
rithm, which aims to reduce the communications demands of
the rescaling l-DMEFxLMSmethod inWASN.Moreover, the
computational complexity of the distributed leaky algorithms
has been reported, bearing in mind that the computational
capability of the nodes should be considered in practical
scenarios. Regarding the communication requirements, the
proposed 1r rescaling l-DMEFxLMS strategy achieves a
noticeable data transfer saving maintaining similar perfor-
mance to the rescaling l-DMEFxLMS algorithm.Therefore, it
has been shown that the proposed 1r rescaling l-DMEFxLMS
algorithm achieves a good control effort with a computational
cost similar to the other strategies but reducing significantly
the communication requirements of the network. However,
the use of heterogeneous nodes, an analysis of the behavior
of the proposed algorithms over constrained networks, and
an automatic selection of all the parameters at each node are
suggested for future works.
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This manuscript addresses the problem of 3D source localization from direction of arrivals (DOAs) in wireless acoustic sensor
networks. In this context, multiple sensors measure the DOA of the source, and a central node combines the measurements to yield
the source location estimate. Traditional approaches require 3DDOAmeasurements; that is, each sensor estimates the azimuth and
elevation of the source bymeans of a microphone array, typically in a planar or spherical configuration.The proposedmethodology
aims at reducing the hardware and computational costs by combining measurements related to 2D DOAs estimated from linear
arrays arbitrarily displaced in the 3D space. Each sensor measures the DOA in the plane containing the array and the source.
Measurements are then translated into an equivalent planar geometry, in which a set of coplanar equivalent arrays observe the
source preserving the original DOAs. This formulation is exploited to define a cost function, whose minimization leads to the
source location estimation. An extensive simulation campaign validates the proposed approach and compares its accuracy with
state-of-the-art methodologies.

1. Introduction

Theproblem of acoustic source localization withmicrophone
arrays has been an active topic of research in the last thirty
years [1]. Several are the applications that benefit from this
technology, among which video-conferencing [2, 3], audio-
surveillance [4], and so forth are worth mentioning.

In the literature, it has been proposed to use either com-
pact or distributed arrays. Compact arrays are advantageous
since their deployment is easy. As an example, in a video-
conferencing system, a compact array can be located in the
proximity of the camera to steer it towards the detected
speaker. Unfortunately, compact arrays pose some limits in
terms of localization accuracy. Indeed, for far sources, only
the direction of arrival (DOA) can be accurately estimated,
while the range estimate is generally unreliable [1]. On the
other hand, distributed arrays envision the presence of mul-
tiple sensors, each equipped with one or more microphones,
located around the volume of interest [5–10]. With this
configuration, the source is observed from different angles,
with benefits in terms of localization accuracy. Until recently,

the cost of the deployment of the sensors and the cabling
made this kind of solutions cumbersome and possible only
in specific ad hoc applications. In the last few years, however,
the advent of wireless sensor networks made this kind of
solutions attractive for a wider range of applications.

When each sensor is equipped with multiple micro-
phones, the direction of arrival of the source can bemeasured
internally to each sensor. The source is then localized by a
central node, which combines measurements coming from
the individual sensors. The advantage of DOAs with respect
to other measurements (e.g., time differences of arrival or
times of arrival) lies in the fact that each sensor transmits a
single measurement to the central node, independently from
the number of microphones.

Source localization from multiple DOAs can be brought
to the problem of triangulating the estimated DOA lines
[11, 12]. Following this approach, 3D localization is typically
accomplished by combining multiple 3D DOAs measured
at sensors with noncollinear microphone arrangements. For
instance, multiple spherical arrays are used in [13]. A 3D
DOA is represented by a pair of angles, which denote
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the azimuth and the elevation of the source with respect
to the sensor position. Therefore, measuring a 3D DOA
involves a two-dimensional search space. As robust DOA
estimation algorithms are generally based on grid-search
solutions (e.g., beamforming [14], steered-response-power
[15]), the inherent power requirement may be an issue for
their implementation at local sensors. For this reason, many
works limit source localization to 2D (planar) geometries,
assuming that all the sensors and the source lie on the
same plane. This is typically accomplished through the
triangulation of multiple 2D DOAs, as done, for instance,
in [8, 12, 16]. From a geometrical standpoint, a 2D DOA is
measured in the plane containing the array and the source
and consequently consists of a single angle. The search space
is therefore one-dimensional, and simple array geometries
can be adopted for this task. For instance, using a linear array,
theDOAcan be estimated by evaluating an objective function
in the range [−𝜋/2, 𝜋/2], suitably sampled according to the
desired angular resolution. Moreover, in order to achieve
a prescribed resolution, a smaller number of microphones
are required compared to that needed for 3D DOA mea-
surements. For these reasons, 2D DOA measurements are
more affordable for low-power sensing devices, as typically
required in designing wireless sensor networks.

In this manuscript, we propose a technique that localizes
a source in 3D from the combination of 2D DOAs, measured
using multiple linear microphone arrays. Differently from
state-of-the-art methods exploiting 2DDOAs, we remove the
requirement of working in a planar geometry. Specifically, we
do not pose any constraint about the positions of the source
and of the arrays in the 3D space. The proposed technique
proceeds in two steps. First, each arraymeasures the 2DDOA
of the source referred to a local plane, determined by the
lying line of the array and the location of the source. Using
the concept of equivalent arrays, the array positions are roto-
translated into equivalent ones all lying in the same plane
containing also the source. Each equivalent array position is
found so that the original DOA is preserved, as well as its
distance from the source. Once this transformation has been
accomplished, in the second step the source can be localized
in a 2D geometry. In order to do this, we take advantage
of the Ray Space [17], in which DOAs are interpreted as
acoustic rays originating from the source and impinging
on the acoustic centers of the sensors. Acoustic rays are
parameterized by the parameters of the line on which they
lie. A cost function is defined, whose minimization gives us
the source location.

The proposed technique is advantageous with respect
to state-of-the-art methods for 3D source localization using
DOAs, which, to the best of our knowledge, all rely on 3D
measurements. Being based on simpler 2D DOA measure-
ments, indeed, the proposedmethod requires a reducednum-
ber ofmicrophones for each sensor of the network, with obvi-
ous advantages in terms of hardware cost (microphones and
analog-to-digital converters). For the same reasons, power
consumption at each sensor turns out to be significantly
reduced, as the beamforming operation leading to the 2D
DOA estimate is accomplished on a one-dimensional search
space. Finally, it is worth noticing that, exploiting a simple

geometry such as that of a linear array, the manufacturing
costs are much smaller than those required to realize more
complex structures (e.g., spherical and cylindrical arrays).

The remainder of the manuscript is structured as follows.
Section 2 gives some background information concerning
the Ray Space representation and the localization of acoustic
sources in 2D. Section 3 introduces the theoretical framework
for the proposed approach, with particular reference to the
equivalent arrays. Section 4 addresses the problem of source
localization using the equivalent arrays. Section 5 is devoted
to the validation of the proposed technique. Finally, Section 6
draws some conclusions.

2. Background

2.1. Ray Space Representation. Consider an acoustic source
in a 2D scenario. Its Cartesian coordinates are (𝑠�푥, 𝑠�푦). In
geometrical acoustics, it can be described as the set of all
acoustic rays that originate from it. Each ray can be param-
eterized with the line on which it lies. The homogeneous
representation of all the lines passing through (𝑠�푥, 𝑠�푦) is

𝑎𝑠�푥 + 𝑏𝑠�푦 + 𝑐 = 0. (1)

This is equivalent to the vector form

s
�푇l = 0, s = [𝑠�푥, 𝑠�푦, 1]�푇 , l = [𝑎, 𝑏, 𝑐]�푇 . (2)

The parameter vector l is homogeneous; that is, any scaling𝑘l, 𝑘 ̸= 0, represents the same line. Consequently, the
homogeneous coordinates l form a class of equivalence in
a two-dimensional projective space, defined in [18] as the
projective Ray Space.

2.2. DOAs in the Ray Space. Let us now assume that the
acoustic source is located in the far field with respect to the
center of a microphone array (𝑚�푥, 𝑚�푦); that is, the length of
the array ismuch smaller than the curvature of the wavefront.
In this context, the spatial information of the source can be
described in terms of its direction of arrival (DOA), that is,
the angle 𝜗 of propagation of the wavefront. Source and array
location are related to the DOA by

𝜗 = arctan
𝑠�푦 − 𝑚�푦𝑠�푥 − 𝑚�푥 . (3)

The DOA defines the acoustic ray that joins the source posi-
tion and the observation point, which turns to be oriented
as 𝜗. In the Ray Space, the DOA is thus represented as the
acoustic ray passing through (𝑚�푥, 𝑚�푦) and directed as 𝜗,
whose parameters are

𝑎 = sin 𝜗,
𝑏 = − cos 𝜗,
𝑐 = 𝑚�푥 sin 𝜗 − 𝑚�푦 cos 𝜗.

(4)

2.3. 2D Source Localization in the Ray Space. We now
consider the problem of localizing the acoustic source, by
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Figure 1: A microphone array centered at m�푖 = [𝑚�푥�푖, 𝑚�푦�푖]�푇 and
oriented as k�푖 = [cos𝛼�푖, sin𝛼�푖]�푇 measures the DOA 𝜗�푖 = 𝜃�푖 + 𝛼�푖
of an acoustic source located at s in the far field.

combining a set of DOAs measured by a distributed network
of 𝑁 linear microphone arrays. With reference to Figure 1,
the acoustic center of the 𝑖th array is at m�푖 = [𝑚�푥�푖, 𝑚�푦�푖]�푇,𝑖 = 1, . . . , 𝑁, and the orientation of the line on which it lies
is given by the unit vector k�푖 = [cos𝛼�푖, sin𝛼�푖]�푇. The vector k�푖
forms the angle 𝛼�푖 with the 𝑥-axis. The DOA of the source, as
measured with respect to the array line, is represented by the
angle 𝜃�푖. The DOA is more conveniently represented in the
global reference frame as 𝜗�푖 = 𝜃�푖 + 𝛼�푖.

Using (4), each DOA 𝜗�푖, 𝑖 = 1, . . . , 𝑁, is turned into the
corresponding acoustic ray l�푖 = [𝑎�푖, 𝑏�푖, 𝑐�푖]�푇. In absence of
measurement noise, all these acoustic rays are bound to pass
through the source position s, meaning that

l�푇1s = 0
...

l�푇�푁s = 0.
(5)

In practical situations, DOAs are corrupted by measurement
noise; thus the equalities in (5) do not hold. However, since
the system is linear in the unknown variables (𝑠�푥, 𝑠�푦), the
source position can be easily estimated as the solution of a
linear least squares problem. To do so, we first rewrite the
system as

Ms = c, (6)

where

M = [[[[[[[

𝑎1 𝑏1𝑎2 𝑏2... ...𝑎�푁 𝑏�푁

]]]]]]]
,

s = [𝑠�푥𝑠�푦] ,

c = [[[[[[[

−𝑐1−𝑐2...−𝑐�푁

]]]]]]]
.

(7)

Then, the source position is estimated as

ŝ = (M�푇M)−1M�푇c, (8)

which corresponds to the solution of the linear least squares
problem

ŝ = argmin
s

‖Ms − c‖2 . (9)

3. Theoretical Framework

Despite its simplicity, the solution provided in (8) is valid
only for 2D configurations, that is, when the source and the
microphone arrays lie on the sameplane. Formore general 3D
scenarios, unfortunately, the generalization of the Ray Space
is not straightforward. Indeed, representing acoustic rays in
3D requires the introduction of a five-dimensional projective
space involving the use of Plücker’s coordinates along with a
number of nonlinear constraints [17], which would make the
source localization problem intractable.

In this manuscript we follow an alternate route: rather
than extending the idea of the Ray Space to a 3D setup, we
focus on the reinterpretation of 3D source localization into an
equivalent 2D space, by introducing the concept of equivalent
microphone arrays.

3.1. DOAs in 3D Using Linear Arrays. A linear microphone
array can be described by the parameters of a line passing
through its center m�푖 and directed as the unit vector k�푖. In
a 3D setup, a total of 5 parameters are required. Specifi-
cally, three Cartesian coordinates define the center m�푖 =[𝑚�푥�푖, 𝑚�푦�푖, 𝑚�푧�푖]�푇, while the orientation is defined by the pair
of angles 𝛼�푖 and 𝛽�푖 so that

k�푖 = [cos𝛼�푖 cos𝛽�푖 sin𝛼�푖 cos𝛽�푖 sin𝛽�푖]�푇 . (10)

Using a linear array it is only possible to estimate a 2D
DOA, which corresponds to the angle from which the source
is observed by the array center, measured in the plane
containing k�푖 and the source position s = [𝑠�푥, 𝑠�푦, 𝑠�푧]�푇. More
formally, the DOA as measured by the array is given by the
angle formed between the vectors k�푖 and w�푖 = s − m�푖, which
can be computed as

𝜃�푖 = arccos
k�푇�푖 w�푖k�푖 w�푖 = arccos

k�푇�푖 w�푖w�푖 , (11)

where we used the fact that ‖k�푖‖ = 1.
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Figure 2: A set of real linear arrays (continuous colored arrows) are
projected into the corresponding equivalent arrays (dashed colored
arrows). Equivalent arrays all lie on the same plane, and they are
disposed so that they look at the source from the same DOAs 𝜃�푖,𝑖 = 1, . . . , 𝑁, as measured by the real arrays.

3.2. EquivalentMicrophone Arrays. Each DOAmeasurement
refers to a different plane, according to the displacement and
orientation of the arrays with respect to the source position.
Nonetheless, we can interpret the available DOAs as being
measured by a set of equivalent microphone arrays all located
in the same plane, which contains also the source position
s. Analogously to the real ones, the equivalent arrays are
described by the pairs (m�耠�푖 , k�耠�푖 ) indicating their centers and
orientations, respectively, defined for 𝑖 = 1, . . . , 𝑁 as

m�耠�푖 = [[[[
𝑚�耠�푥�푖𝑚�耠�푦�푖𝑚�耠�푧�푖

]]]]
,

k�耠�푖 = [[[[
cos𝛼�耠�푖 cos𝛽�耠�푖
sin𝛼�耠�푖 cos𝛽�耠�푖

sin𝛽�耠�푖
]]]]

.
(12)

This idea is illustrated in Figure 2, which highlights a set
of real arrays disposed arbitrarily in the space and the
corresponding equivalent arrays that all lie in the same plane.
For clarity of visualization, we denoted each pair of real and
equivalent arrays using the same color.

The final goal of this reinterpretation is to bring the 3D
source localization problem to the one formulated in (9),
which exploits the fact that all the measurements are referred
to the same plane. For this reason, we must determine the
unknown parametersm�耠�푖 and k�耠�푖 so that the equivalent arrays
preserve the information related by their real counterparts.
To do so, we notice that the only requirements are that all the
equivalent arrays

(i) must lie in a unique plane containing the source;

(ii) must preserve the DOA, so that they observe the
source from the same angles as the real arrays.

To satisfy the first constraint, without loss of generality, a
convenient choice is to force all the arrays to lie on the plane𝑧 = 𝑠�푧. Mathematically speaking, this corresponds to posing

𝑚�耠�푧�푖 = 𝑠�푧, (13)

𝛽�耠�푖 = 0, (14)

for 𝑖 = 1, . . . , 𝑁. As for the second requirement, formally we
must require that the angle formed by the vectors k�耠�푖 andw

�耠
�푖 =

s − m�耠�푖 equals the DOA 𝜃�푖 as defined in (11); that is,

arccos
k�耠�푇�푖 w
�耠
�푖w�耠�푖 = arccos

k�푇�푖 w�푖w�푖 , (15)

which is equivalent to

k�耠�푇�푖 (s − m�耠�푖)s − m�耠�푖
 = k�푇�푖 (s − m�푖)s − m�푖

 . (16)

We observe that the condition in (16) is met by an infinite
number of equivalent arrays. This happens for two reasons,
as exemplified in Figure 3. Indeed, on one hand, for a given
choice of the angle 𝛼�耠�푖 , the DOA is preserved by all the parallel
equivalent arrays directed as k�耠�푖 = [cos𝛼�耠�푖 , sin𝛼�耠�푖 , 0]�푇 and
having centers on a common line, as in Figure 3(a). On the
other hand, by keeping the distance 𝜌�푖 of the array from the
source fixed, each rigid rotation of the array about s leads
to another possible equivalent array preserving the DOA, as
shown in Figure 3(b). In order to make the solution unique,
we impose that the transformation preserves the angle 𝛼�푖
(the orientation of the array on the horizontal plane) and the
distance from the source.These additional constraints can be
formally written as

𝛼�耠�푖 = 𝛼�푖, (17)s − m�耠�푖
 = s − m�푖

 , (18)

where 𝑖 = 1, . . . , 𝑁. Given the constraints in (13), (14), (17),
and (18), what still remains undetermined are the positions
of the equivalent arrays in the plane 𝑧 = 𝑠�푧, namely, the
terms𝑚�耠�푥�푖 and𝑚�耠�푦�푖. Since they depend on the unknown source
location, we will derive 𝑚�耠�푥�푖 and 𝑚�耠�푦�푖 as functions of s =[𝑠�푥, 𝑠�푦, 𝑠�푧]�푇. To do so, we start by replacing (18) in (16) to
obtain

k�耠
�푇

�푖 (s − m�耠�푖) = k�푇�푖 (s − m�푖) . (19)

By inserting (14), (13), and (17) into (19) and by making the
terms explicit we obtain

[[[[
cos𝛼�耠�푖
sin𝛼�耠�푖0

]]]]

�푇[[[[
𝑠�푥 − 𝑚�耠�푥�푖𝑠�푦 − 𝑚�耠�푦�푖0

]]]]
= [[[

cos𝛼�푖 cos𝛽�푖
sin𝛼�푖 cos𝛽�푖

sin𝛽�푖
]]]
�푇[[[

𝑠�푥 − 𝑚�푥�푖𝑠�푦 − 𝑚�푦�푖𝑠�푧 − 𝑚�푧�푖
]]]

.
(20)
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Figure 3: Examples of equivalent arrays all measuring the same DOA. In (a) the arrays are all parallel and with aligned centers. In (b) the
arrays are equidistant from the source.

Moreover, if we take the square of (18) and we exploit the
constraint in (13), we can write that

(𝑠�푥 − 𝑚�耠�푥�푖)2 + (𝑠�푦 − 𝑚�耠�푦�푖)2 = s − m�푖
2 . (21)

Expressions in (20) and (21) form a second-order system
in the unknown variables 𝑚�耠�푥�푖 and 𝑚�耠�푦�푖. Rearranging the
terms, this system can be rewritten in amore compact form as

𝑃�푖𝑋�푖 + 𝑄�푖𝑌�푖 = 𝐶�푖,
𝑋2�푖 + 𝑌2�푖 = 𝐷�푖, (22)

with the following definitions:

𝑋�푖 = 𝑠�푥 − 𝑚�耠�푥�푖,𝑌�푖 = 𝑠�푦 − 𝑚�耠�푦�푖,𝑃�푖 = cos𝛼�푖,𝑄�푖 = sin𝛼�푖,
𝐶�푖 = k�푇�푖 (s − m�푖) ,
𝐷�푖 = s − m�푖

2 .

(23)

Solving for 𝑋�푖 and 𝑌�푖 we obtain
𝑋�푖 = 𝐶�푖𝑃�푖 ± 𝑄�푖√−𝐶2�푖 + 𝐷�푖 (𝑃2�푖 + 𝑄2�푖 )𝑃2�푖 + 𝑄2�푖 ,
𝑌�푖 = 𝐶�푖𝑄�푖 ∓ 𝑃�푖√−𝐶2�푖 + 𝐷�푖 (𝑃2�푖 + 𝑄2�푖 )𝑃2�푖 + 𝑄2�푖 .

(24)

Using the definitions in (23) and noticing that 𝑃2�푖 + 𝑄2�푖 =1, we readily obtain the expressions for the equivalent array
positions

𝑚�耠�푥�푖 = 𝑠�푥 − 𝐶�푖𝑃�푖 ± 𝑄�푖√𝐷�푖 − 𝐶2�푖 ,
𝑚�耠�푦�푖 = 𝑠�푦 − 𝐶�푖𝑄�푖 ∓ 𝑃�푖√𝐷�푖 − 𝐶2�푖 . (25)

Note that, as expected, the second-order system (22) leads
to two valid solutions. They represent two equivalent arrays,

mutually mirrored about the source. Consequently, we can
safely select one of those randomly, without loss of informa-
tion. For instance, onemay select the equivalent array located
closest to the corresponding real one.

4. Source Localization

In this section we take advantage of the planar geometry
induced by the transformation of the real into the equivalent
arrays for the purposes of source localization. We first refor-
mulate the source localization problem as a nonlinear least
squares minimization problem, introducing the equivalent
array positions in the cost function in (9). Then, we describe
the iterative minimization process leading to the estimation
of the source location. Finally, we describe how the estimated
location can be refined by detecting and removing potential
outliers from the set of measurements.

4.1. Cost Function Definition. The introduction of the equiva-
lent arraysmakes it possible to exploit the 2DRay Space local-
ization discussed in Section 2.3. Let us consider a network of𝑁 linear arrays arbitrarily deployed in the 3D space, whose
positionsm�푖 and orientations k�푖 are assumed to be known. For
a candidate source position s, the positions of the equivalent
array centers can be computed using (25), here denoted as𝑚�耠�푥�푖(s) and𝑚�耠�푦�푖(s) to stress the dependency on s.With𝛼�푖 being
the direction angle of the equivalent array and 𝜃�푖 the DOA in
the array reference system, the DOA expressed in the global
reference system (i.e., measured in the plane 𝑧 = 𝑠�푧 with
respect to the 𝑥 axis) is therefore 𝜗�푖 = 𝜃�푖 + 𝛼�푖. Consequently,
the acoustic ray associated with the DOA measured by the𝑖th equivalent array turns to be l�푖(s) = [𝑎�푖, 𝑏�푖, 𝑐�푖(s)]�푇, whose
parameters can be computed using (4), obtaining

𝑎�푖 = sin 𝜗�푖,𝑏�푖 = − cos 𝜗�푖,
𝑐�푖 (s) = 𝑚�耠�푥�푖 (s) sin 𝜗�푖 − 𝑚�耠�푥�푖 (s) cos 𝜗�푖.

(26)

Differently from the pure 2D case discussed in Section 2.3, the
parameter 𝑐�푖(s) of the acoustic ray is a nonlinear function of
the source position s. For this reason, the combination of 𝑁
equations in the form l�푇�푖 (s)s = 0 does not lead anymore to the
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definition of a linear system. Nevertheless, we can still formu-
late the source localization problem as in (9), where now the
vector c depends nonlinearly on the source location s. More
formally, the optimization problem can be rewritten as the
minimization of the cost function 𝐽(s) = e�푇(s)e(s); that is,

ŝ = argmin
s

𝐽 (s) = argmin
s

e�푇 (s) e (s) , (27)

where e(s) = Ms−c(s) is the error vector (i.e., the localization
residuals) and c(s) = [−𝑐1(s), . . . , −𝑐�푁(s)]�푇.
4.2. Minimization. The minimization of the cost function
can be efficiently addressed in an iterative fashion, by locally
approximating 𝐽(s) at each iteration by means of a Taylor
series expansion. Following the same approach as in [19], we
compute the first-order expansion of the localization residual
about an initial guess position s(0) = [𝑠(0)�푥 , 𝑠(0)�푦 , 𝑠(0)�푧 ]�푇 as

e (s) ≃ e (s)|s(0) + ∇es(0) ⋅ (s − s(0)) . (28)

The Jacobian matrix ∇e is given by

∇e = [∇𝑒1 (s) ⋅ ⋅ ⋅ ∇𝑒�푁 (s)]�푇 , (29)

where

∇𝑒�푖 (s) = [𝜕𝑒�푖 (s)𝜕𝑠�푥 𝜕𝑒�푖 (s)𝜕𝑠�푦 𝜕𝑒�푖 (s)𝜕𝑠�푧 ]�푇 ,
𝑒�푖 (s) = 𝑎�푖𝑠�푥 + 𝑏�푖𝑠�푦 − 𝑐�푖 (s) , 𝑖 = 1, . . . , 𝑁.

(30)

According to the problem in (27), the update equation of the
iterative update is given by [19]

s(�푡+1) = s(�푡) − ∇†e s(𝑡) ⋅ e (s)|s(𝑡) , (31)

where 𝑡 is the iteration number and

∇
†
e
s(𝑡) = (∇�푇e s(𝑡) ⋅ ∇es(𝑡))−1 ⋅ ∇es(𝑡) . (32)

The source location is estimated as

ŝ = s(�푡+1), (33)

after stopping the iteration when |s(�푡+1) − s(�푡)| is smaller than
a prescribed threshold.

4.3. Localization Refinement. In adverse acoustic conditions,
the DOA set may contain some outliers, typically related
to the bias introduced by reverberation in standard DOA
estimation algorithms [20]. A simple and effectivemethod for
detecting outliers is to check the magnitude of localization
residuals |𝑒�푖(ŝ)|, 𝑖 = 1, . . . , 𝑁. Inspired by the work in [21]
related to time differences of arrival-based source localiza-
tion, we compute the standard deviation 𝜎E of the residual set
E = {𝑒1(ŝ), . . . , 𝑒�푁(ŝ)}. If 𝜎E exceeds a prescribed threshold𝑇E, the DOA set potentially contains outliers. In this case, we
mark as an outlier the DOA 𝜃�푖 associated with the maximum
localization residual, that is, so that

𝑖 = argmax
�푖

𝑒�푖 (ŝ) . (34)

This outlier DOA 𝜃�푖 is thus removed from the measurement
set, and the associated residual 𝑒�푖(ŝ) is removed from E.

Table 1: Array positions and orientations.

Array m�푖 𝛼1 𝛽�푖𝑖 = 1 [0.5 0.5 0.5]�푇 −135∘ 45∘𝑖 = 2 [3.5 0.5 0.5]�푇 45∘ 0∘𝑖 = 3 [3.5 2.5 0.5]�푇 45∘ 0∘𝑖 = 4 [0.5 2.5 0.5]�푇 225∘ 0∘𝑖 = 5 [0.5 0.5 2.5]�푇 −45∘ 0∘𝑖 = 6 [3.5 0.5 2.5]�푇 135∘ 45∘𝑖 = 7 [3.5 2.5 2.5]�푇 135∘ 0∘𝑖 = 8 [0.5 2.5 2.5]�푇 −45∘ 45∘

x

y

z

3m

3m

4m

Figure 4: Simulation setup: 𝑁 = 8 microphone arrays are disposed
near to the vertices of a rectangular room. Blue circles denote the
tested source positions.

The standard deviation 𝜎E is then recomputed, and the
procedure is iterated until 𝜎E ≤ 𝑇E or amaximumnumber of
measurements are removed. At this point, the source location
is refined by running a second time the algorithm presented
in Section 4.2, recomputing the cost functionwith the outlier-
free measurement set.

As discussed in [21], it is worth noticing that this
refinement step has a negligible computational cost, as the
residual terms are directly available after source localization.
Moreover, the iterative minimization procedure is repeated
at most one time. Note also that the localization refinement
is accomplished by the central node and does not require
additional data exchange with the sensors.

5. Validation

We now present the results of a set of simulations aimed at
verifying the validity of the proposedmethod.With reference
to the setup shown in Figure 4, we tested the localization
algorithm in a rectangular room of size 4 × 3 × 3m3 by
means of 𝑁 = 8 linear arrays located close to the vertices
of the room. Each sensor is equipped with 3 microphones,
located on a line segment anduniformly spaced by 𝑟 = 10 cm.
The positions m�푖 and orientations (𝛼�푖, 𝛽�푖) of the sensors
are summarized in Table 1. We considered 10 test source
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Figure 5: Planar sections of the 3D cost function 𝐽(s) for a selected
test source position at s = [1.5m, 1.2m, 1.2m]�푇. Three planar
sections are displayed, in correspondence of the planes 𝑥 = 1.5m,𝑦 = 1.2m, and 𝑧 = 1.2m, respectively.

positions, located on the line connecting the center of the
room and the center of the first sensor.

5.1. Test 1: Robustness against Additive Noise on DOAs. In a
first stage, we considered a completely anechoic scenario, in
which we simulated the measurement of noisy DOAs. This
allowed us to test the statistical behavior of the proposed
localization cost function. More specifically, we corrupted
the nominal DOAs 𝜃�푖, 𝑖 = 1, . . . , 𝑁, observed by each array
with additive noise 𝜖�푖, which is a realization of zero-mean
white noise drawn from a normal distribution with standard
deviation 𝜎�휃. Note that, in this case, the measurements are by
definition free of outliers, since the deviation from the nom-
inal DOA values is only due to the additive error model [22].

In order to enforce the statistical validity of the analysis
of the cost function, we took care of two aspects. First, we
bypassed the source localization refinement step by setting𝑇E = ∞. This avoided the risk of incidentally removing
DOAs from the measurement set, which is explicitly free
of outliers. Second, we verified (at least empirically) that
the iterative minimization procedure converges to the global
optimum. Even though the cost function 𝐽(s) is not convex,
for the considered setup we observed that it presents a
very smooth behavior, along with a wide basin of attraction
around its global minimum. This turns to be true indepen-
dently from the tested source positions. These facts ensure
a rapid convergence of the iterative algorithms towards the
solution, without significant risks of getting trapped into
local optima. An illustrative example is offered in Figure 5,
which shows three planar sections of 𝐽(s) corresponding to
a randomly picked realization of noisy DOAs, for a selected
source location. In particular, the source is located at s =[1.5m, 1.2m, 1.2m]�푇 and the cost function is shown in three
orthogonal planar sections passing through s; that is, at 𝑥 =1.5m, 𝑦 = 1.2m, and 𝑧 = 1.2m.
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Figure 6: RMSE as a function of the source position, expressed in
terms of its distance from the room center.

For the statistical analysis, we considered different noise
standard deviations in the range 𝜎�휃 ∈ [0.25∘, 3∘]. For each
value of 𝜎�휃 and for each tested source position we run2500 Monte-Carlo repetitions. The localization accuracy was
measured in terms of root means squared error, computed as

RMSE (s) = √ 1𝐿
�퐿∑
�푙=1

ŝ�푙 − s2, (35)

where s is the true source location and ŝ�푙 denotes its
estimate at the 𝑙th Monte-Carlo run and 𝐿 is the number of
realizations.

As amatter of comparison, we computed the lower bound
for the RMSE implied by the Cramer-Rao Lower Bound
(CRLB). More specifically, given the CRLB in terms of the
localization variances 𝜎2�푠𝑥(s), 𝜎2�푠𝑦(s), and 𝜎2�푠𝑧(s), the RMSE
Lower Bound (RLB) was computed as

RLB (s) = √𝜎2�푠𝑥 (s) + 𝜎2�푠𝑦 (s) + 𝜎2�푠𝑧 (s). (36)

Details about the computation of the CRLB are given in
Appendix.

In Figure 6 we report the resulting RMSE as a function
of the distance of the source from the center of the room,
for three selected noise standard deviations. The continuous
lines refer to the RMSE, while the dashed lines denote the
related RLB. We observe that RMSE ranges from a minimum
of about 2 cm for 𝜎�휃 = 0.5∘ to a maximum of about 7.5 cm
for 𝜎�휃 = 1.5∘. The RMSE tends to increase as the source
position approaches the center of the first array. Moreover,
we notice that the RMSE approaches the RLB for source
positions close to the room center, while the accuracy slightly
degrades for farther sources. Nevertheless, themaximum gap
between the RMSE and the RLB maintains reasonable, being
slightly above 1 cm in the worst case.

Inspired by this observation, we evaluated the RMSE as a
function of the standard deviation of the injected noise for
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Figure 7: RMSE as a function of the noise standard deviation, for source located at different distances 𝑑 from the room center.

4 selected source positions located at different distances 𝑑
from the room center. Results are reported in Figure 7. We
first notice that the RMSE grows almost linearly with respect
to the standard deviation 𝜎�휃. Moreover, once again we notice
that the gap between the RMSE and the RLB tends to increase
when the distance 𝑑 of the source from the room center
increases. In the worst case (i.e., when 𝜎�휃 = 3∘ and 𝑑 = 1.6m)
this gap is about 2 cm; thuswe can conclude that the proposed
method is sufficiently robust against Gaussian additive noise
on DOAs.

5.2. Test 2: Robustness against Reverberation and Noise. To
mimic a realistic scenario, we simulated microphone signal

acquisitions in a reverberant room by means of the image
source method [23]. In particular, we adopted the imple-
mentation provided in the RIR toolbox [24] to generate
the room impulse responses from the source position to
all the microphones. For this test we considered 50 test
source positions randomly selected within the rectangular
volume formed by the 8 array centers. The acoustic source
was modeled to be omnidirectional and emitted 30 s of
phonetically rich female speech. The microphone signals
were obtained by convolving the source signal with the
related RIRs and finally corrupted with zero-mean Gaussian
noise with standard deviation tuned to simulate a prescribed
signal-to-noise ratio (SNR). The signals were divided into
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Figure 8: Localization accuracy at different reverberation and SNR levels.

frames of length 2048 samples at a sampling frequency𝑓�푠 = 16 kHz. DOA estimation was performed by using
a beamforming technique. Specifically, for each array, the
receivedmicrophone signals were transformed into the time-
frequency domain via short-time Fourier transform (STFT),
considering aHamming analysis windows of length 256 sam-
ples, with 50% of overlap, leading to a total of 𝑊 = 15 time
windows per frame. Let x�푖(𝑛, 𝑘) be the STFT representation
of a generic signal frame acquired by the 𝑖th array, where 𝑛
is the index of the time window and 𝑘 is the bin associated
with the frequency 𝜔�푘. At each frequency bin, we computed
the Minimum Variance Distortionless Response (MVDR)
pseudospectra [14] as

𝑝�푖 (𝜙, 𝑘) = 1
a�푇 (𝜙, 𝑘)G−1 (𝑘) a (𝜙, 𝑘) , (37)

where a(𝜙, 𝑘) = [𝑒�푗�푟sin(�휙)�휔𝑘 , 0, 𝑒−�푗�푟sin(�휙)�휔𝑘]�푇 is the far-field
steering vector for the used arrays, each composed of three
microphones, and G(𝑘) is the sample estimate of the array
covariance matrix, obtained as

G (𝑘) = 1𝑊
�푊∑
�푛=1

x (𝑛, 𝑘) x (𝑛, 𝑘)�퐻 . (38)

The DOA at the 𝑖th array is finally estimated as

𝜃�푖 = argmax
�휙

𝑃�푖 (𝜙) , (39)

where 𝑃�푖(𝜙) is the geometric mean of the pseudospectra𝑝�푖(𝜙, 𝑘) with frequency bins 𝑘 in the range [250Hz, 8 kHz].
The collected DOAs 𝜃�푖, 𝑖 = 1, . . . , 𝑁, were then used to
estimate source position with the proposed method. For this
test, we enabled the localization refinement step by selecting

𝑇E = 10 cm, while ensuring that a maximum of 2 potential
outliers are removed from the DOA set.

As a matter of comparison, we estimated the source
position also using the popular steered-response power with
phase transform (SRP-PHAT) method, which is known to be
very robust against both noise and reverberation. In particu-
lar, we used the Stochastic Region Contraction variant of SRP
(SRC-PHAT) [25], which is best suited for 3D scenarios. To
enable a fair comparison, the generalized cross correlations
(GCC-PHATs) were computed only at microphone pairs
belonging to the same linear array, for a total of 3 × 𝑁
GCC-PHAT computations. Thinking in terms of distributed
localization, these GCC-PHATs functions are transferred to
the central node that finally combines them to produce the
source position estimate.

The results are reported in Figures 8(a) and 8(b), showing
the RMSE achieved by the proposed method and SRP-PHAT,
averaged among all the tested source positions and all the
analyzed audio frames. In particular, Figure 8(a) reports
the localization accuracy at different levels of reverberation,
expressed in terms of the reverberation time RT60 [26],
while keeping the SNR fixed to 20 dB. Conversely, Figure 8(b)
shows the localization accuracy at different SNR levels, while
the reverberation is kept fixed to RT60 ≤ 0.4 s. It can be
noticed that the proposed technique achieves better scores
than SRP-PHAT up to a moderate amount of reverberation
RT60 ≤ 0.6 s and above an acceptable SNR level (i.e., greater
than 15 dB). Out of these ranges, SRP-PHAT is slightly more
robust against reverberation and noise.

5.3. Discussion. Even though SRP-PHAT tends to be more
robust in particularly adverse acoustic environments, this
comes at the expense of both higher computational complex-
ity and higher communication bandwidth requirements.
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Let us consider again the distributed source localization
scenario, in which source localization is demanded to a
central node that gathers measurements coming from the
distributed arrays. For both the considered methods, the
computational power required at the sensors is comparable
(beamforming for the proposed technique, computation of
generalized cross correlations for SRC-PHAT). However, as
far as the bandwidth is concerned, the proposedmethod only
has to transmit a single real value to the central node, that is,
the DOA. Conversely, each sensor must transmit the entire
GCC-PHATs to the central node when localization is tackled
via SRC-PHAT. Moreover, the computational burden at the
central node is much higher for the SRC-PHAT method,
being based on the minimization of a very irregular 3D cost
function which requires thousands of evaluations of the
SRC functional [21]. On the other hand, being based on a
very smooth cost function, the proposed method requires
a few iterations to converge to the optimum solution. As
an example, for the considered simulation scenario, we
measured the execution times at the central node, which
highlighted that, on the average, the proposed method
(implemented in Matlab�) is more than 10 times faster than
the SRC-PHATMatlab implementation (https://it.mathworks
.com/matlabcentral/fileexchange/24352-acoustic-source-
localization-using-srp-phat) released by the authors of [25].
More specifically, algorithms at the central node were run
on a laptop equipped with a 2.9GHz Intel Core i7 processor
and 8GB of RAM. The average time to process a 128ms-
long audio frame was 3.26ms for the proposed method
and 39.89ms for the SRC-PHAT algorithm. It is worth
noticing that this result is only qualitative, as the algorithm
implementation is not optimized. Nevertheless, this suggests
that the proposed method may represent a valid alternative
for low-bandwidth and low-power application scenarios.

6. Conclusions

In this manuscript we presented a technique for 3D source
localization based on the combination of two-dimensional
DOAs. The proposed methodology works in two steps: first
real arrays are transformed into equivalent arrays so that they
are coplanar with the source. In the second step, the source is
localized on the plane on which equivalent arrays and source
lie. The main benefit of the proposed technique lies in the
hardware and computational costs. Indeed, the measurement
of 2D DOAs can be accomplished using linear arrays and
involves a one-dimensional grid search. Conversely, state-of-
the-art techniques for 3D source localization are based on
3DDOAs,which requiremore complexmicrophone arrange-
ments as well as a higher computational complexity. The
proposed technique is validated with an extensive simulation
campaign and compared with Stochastic Region Contraction
variant of SRP (SRC-PHAT). Results demonstrate that in
moderately reverberant environments and in the presence
of moderate noise, the proposed technique achieves results
comparable with SRC-PHAT, which requires a much greater
effort in terms of bandwidth and computational cost.

We are currently working on the extension of the pro-
posed algorithm to multiple sources. Another important

issue that deserves to be investigated is that of the sensitivity
of the localization accuracy towards noise on the estimated
DOAs and how the configuration of the arrays impacts on
the sensitivity.

Appendix

Cramer-Rao Lower Bound

The Cramer-Rao Lower Bound (CRLB) expresses the theo-
retical limit for the variance of an unbiased estimator. We
consider here the problem of estimating the source position
s from DOA measurements at 𝑁 linear arrays. To compute
the CRLB, we follow the same rationale of [1] for localization
based on time differences of arrival. We start modeling the
DOA measurements as

𝜃�푖 = 𝑔�푖 (s) + 𝜖�푖, 𝑔�푖 (s) = arccos
k�푇�푖 (s − m�푖)s − m�푖

 , (A.1)

where 𝑔�푖(s) is the noiseless DOA and 𝜖�푖 is the measurement
error for the 𝑖th array. Expressing the measurement model in
a vector form, we have

𝜃 = g (s) + 𝜖, (A.2)

where 𝜃(s) = [𝜃1, . . . , 𝜃�푁]�푇, g(s) = [𝑔1(s), . . . , 𝑔�푁(s)]�푇, and
𝜖 = [𝜖1, . . . , 𝜖�푁]�푇.

The CRLB is given by the elements of the inverse of the
Fisher information matrix, which is in general computed as

F (s) = −𝐸 {∇2 [ln𝑝 (𝜃 | s)]} , (A.3)

where ∇2[ln𝑝(𝜃 | s)] is the Hessian matrix of the function
ln𝑝(𝜃 | s) and 𝑝(𝜃 | s) is the probability density function
(PDF) of measuring 𝜃 given the source position s. More
specifically, the CRLBs of the variance of the estimation of𝑠�푥, 𝑠�푦, and 𝑠�푧 are obtained as

[𝜎�푠𝑥 (s) , 𝜎�푠𝑦 (s) , 𝜎�푠𝑧 (s)]�푇 = diag [F−1 (s)] . (A.4)

Assuming that the noise 𝜖�푖 corrupting the DOAs is jointly
Gaussian distributed, and independent of both the observed
DOAs and the source position, the PDF reads as

𝑝 (𝜃 | s) = 𝑒−(1/2)[𝜃−g(s)]𝑇Σ−1𝜖 [𝜃−g(s)]
√(2𝜋)�푁 det (Σ𝜖) , (A.5)

where Σ𝜖 is the covariance matrix of the measurement error
𝜖. In this case, the Fisher information matrix simplifies to

F (s) = [𝜕g (s)𝜕s ]�푇 Σ−1
𝜖

[𝜕g (s)𝜕s ] , (A.6)

where the Jacobian matrix is given by

𝜕g (s)𝜕s = [∇𝑔1 (s) ∇𝑔2 (s) ⋅ ⋅ ⋅ ∇𝑔�푁 (s)]�푇 . (A.7)

https://it.mathworks.com/matlabcentral/fileexchange/24352-acoustic-source-localization-using-srp-phat
https://it.mathworks.com/matlabcentral/fileexchange/24352-acoustic-source-localization-using-srp-phat
https://it.mathworks.com/matlabcentral/fileexchange/24352-acoustic-source-localization-using-srp-phat
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The gradient vectors ∇𝑔�푖(s) can be computed in closed form
as∇𝑔�푖 (s)

= (s − m�푖) [k�푇�푖 (s − m�푖)] / s − m�푖
3 − k�푖/ s − m�푖

√1 − k�푇�푖 (s − m�푖) / s − m�푖
 . (A.8)
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Thewide availability of mobile devices with embeddedmicrophones opens up opportunities for new applications based on acoustic
sensor localization (ASL). Among them, this paper highlights mobile device self-localization relying exclusively on acoustic signals,
but with previous knowledge of reference signals and source positions. The problem of finding the sensor position is stated
as a function of estimated times-of-flight (TOFs) or time-differences-of-flight (TDOFs) from the sound sources to the target
microphone, and the main practical issues involved in TOF estimation are discussed. Least-squares ASL solutions are introduced,
followed by other strategies inspired by sound source localization solutions: steered-response power, which improves localization
accuracy, and a new region-based search, which alleviates complexity. A set of complementary techniques for further improvement
of TOF/TDOF estimates are reviewed: sliding windows, matching pursuit, and TOF selection. The paper proceeds with proposing
a novel ASL method that combines most of the previous material, whose performance is assessed in a real-world example: in a
typical lecture room, the method achieves accuracy better than 20 cm.

1. Introduction

The increasing number of smart mobile devices (such as
laptops and smartphones) that can interact with their sur-
rounding world through their many sensors enables one to
envision several new and exciting applications. Examples of
such applications include indoor navigation [1], location-
based services [2], patient monitoring [3], and many others
involving ad hoc microphone arrays [4–11]. These applica-
tions have one thing in common: they require the estimation
of the mobile device position.

Based on the specific technology employed, it is possi-
ble to categorize methodologies for localization of mobile
devices in three distinct groups [12]: (i) systems that utilize
ancillary sensors, such as accelerometer and magnetometers;
(ii) systems that rely on the received signal strength of radio
signals; and (iii) systems that use time-of-flight (TOF) of
acoustic signals to perform localization. This paper focuses
on (iii), since acoustic sensor localization (ASL) systems

enable centimeter-scale localization and are quite inexpensive
as they only require acoustic sensors (i.e., microphones) in
the mobile devices.

ASL techniques relying on TOF information may require
or not prior knowledge of the loudspeakers’ positions.
For instance, many works have tackled the problem of
microphone array calibration [13–16] assuming that sources’
positions are known and aiming to estimate (or refine an
initial estimate of) the acoustic sensor location. In such
scenarios, synchronization problems are not amajor concern,
since all sources and sinks are usually under the control of
whoever wants to calibrate the microphone array. On the
other hand, if the sources’ positions are unknown, then a
joint source and sensor localization is commonly employed
[17, 18]. In this case, the lack of synchronism may severely
degrade the mobile position estimate. In [7], a solution that
deals explicitly with synchronization was presented. In [8], a
solution considering multiple sources and sensors per device
was described.
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When it comes to the performance of ASL techniques,
the accuracy of TOF estimates is of paramount importance.
Roughly speaking, in order to obtain an accurate TOF esti-
mate, the sensor (microphone) should be able to determine
the exact time a given acoustic signal takes to propagate
from the source. Hence, the acoustic signals employed, herein
called probe signals, should be carefully selected, taking
into consideration practical issues like noise, interference,
and mainly reverberation. Recently, several papers have
addressed the problem of designing good probe signals and
improving the TOF estimation. In [19], a probe signal design
using pulse compression technique and hyperbolic frequency
modulated signals was presented.The technique proposed in
that work is able to localize an acoustic source and estimate
its velocity and direction in case it is moving. In addition, a
matching pursuit-based algorithm for TOF estimation was
described in [20] and then refined in [12], in both papers
with promising results. In [21], an iterative peak matching
algorithm for the calibration of a wireless acoustic sensor
network was described.

The ASL methods described in this work assume that
sources’ positions and probe signals are known at the receiver
(i.e., the mobile device containing a microphone), but not
counting on synchronism between sensor and source nor
cooperation with other mobile devices: all processing must
take place on the sensor itself, allowing the sensor to self-
localize indoors. Nevertheless, a robust ASL system with
such characteristics needs to address several issues, such
as reverberation, asynchrony between acoustic source and
sensor, poor estimation of the speed of sound, and noise.
Also, the proposed solutions need to be computationally
inexpensive in order to be able to run on the mobile itself
(which in general is a battery-operated device).

1.1. Objectives. Themain objectives of this paper are
(i) to review some state-of-the-art techniques for ASL;
(ii) to describe in detail the challenges ASL algorithms

face in practical environments;
(iii) to present in a unified context some recent methods

proposed by the authors to tackle such practical
challenges;

(iv) to propose a novel ASL algorithm that combines dif-
ferent state-of-the-art techniques with a new region-
based search.

For beginners in the ASL field it can be a Herculean
task to go through the myriad of techniques addressing
ASL problems. The concise approach adopted here provides
beginners with a glimpse of the main problems and solutions
in the ASL field. Experienced researchers can also benefit
from the unified approach covering recent ideas that are
not standard in the area, as the ones described in [22–24].
In fact, many research opportunities may open up thanks
to the unified way ASL problems and related solutions are
described here. Finally, low power high-frequency probe
signals inaudible for most people are proposed, along with
a new region-based search that is shown to be robust when
combined with matching pursuit TOF-selection strategies.

1.2. Organization. This paper is organized as follows. Sec-
tion 2 provides basic definitions and formally states the
ASL problem. Classical solutions are described in Section 3,
whereas improved algorithms are described in Section 4. A
novel ASL system is proposed in Section 5, and the respective
experimental results are presented in Section 6. Concluding
remarks are drawn in Section 7.

2. Background

2.1. Acoustic Networks. An acoustic network is formed when
there exists an acoustic coupling among loudspeakers (herein
also called sources) and microphones (herein also denom-
inated as sensors). In a general configuration, an acoustic
network is comprised of 𝑆 ∈ N sources and 𝑀 ∈ N

microphones, which can be moving as long as they do not go
further enough to break the acoustic coupling. In addition,
these nodes (loudspeakers and microphones) may cooperate
somehow in order to accomplish some task, like localizing a
source or a sensor or enhancing a signal.

This paper addresses the problem of acoustic sensor
localization (ASL) without sensor cooperation. In this case,
each microphone individually uses the 𝑆 acoustic signals
emitted/acquired in order to passively estimate its own
location. Thus, without loss of generality,𝑀 = 1 is assumed.
In addition, the positions of the loudspeakers are fixed and
known.

2.2. Basic Definitions. Let m, p𝑠 ∈ R3 be the microphone
position and the position of the 𝑠th loudspeaker, respectively.
The time-of-flight (TOF), that is, the time that the acoustic
signal takes to travel from the source to the sensor through
a direct path, plays a central role in ASL. Indeed, TOF𝑡𝑠 ∈ R+ from the 𝑠th loudspeaker to the sensor is defined
as

𝑡𝑠 ≜
m − p𝑠


V

, (1)

where V ∈ R+ denotes the speed of sound. From (1), it is
clear thatm can be found if a sufficient number of TOFs are
known. In practice, however, 𝑡𝑠 cannot be exactly determined,
but rather estimated by some procedure as �̂�𝑠 ∈ R+.

Instead of using the TOF directly, there are also someASL
techniques that rely on the time-difference-of-flight (TDOF) to
estimate the sensor position.TheTDOF related to loudspeak-
ers 𝑠1, 𝑠2 ∈ S is given by

𝜏𝑠1𝑠2 ≜ 𝑡𝑠1 − 𝑡𝑠2 =
m − p𝑠1

 − m − p𝑠2


V
, (2)

which must also be estimated as 𝜏𝑠1𝑠2 ≜ �̂�𝑠1 − �̂�𝑠2 .
2.3. TOF Estimation. One of the simplest procedures to
obtain a TOF estimate �̂�𝑠 is to compute the cross-correlation
function (CCF) 𝑅𝑠[⋅] : N → R between the signal 𝑦[𝑛]
acquired by the microphone and the signal 𝑥𝑠[𝑛] emitted by
the 𝑠th loudspeaker, given by

𝑅𝑠 [𝑘] ≜ ∑
𝑛∈N

𝑦 [𝑛] 𝑥𝑠 [𝑛 − 𝑘] , (3)
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where it is assumed that 𝑥𝑠[𝑛] is known at the microphone
node, and then find the delay associatedwith the highest peak
of 𝑅𝑠[𝑘].

In order to fully understand the above procedure, con-
sider an ideal setup in which there exists line-of-sight (LOS),
that is, a direct path connecting loudspeaker and micro-
phone, and the propagation medium does not introduce any
distortion to the emitted signal. In this scenario, the received
signal is a delayed version of the emitted signal, that is, 𝑦[𝑛] =𝑥𝑠[𝑛−𝑘0], where 𝑘0 stands for the delaymeasured in samples.
Thus, it is clear that the maximum of (3) is achieved when𝑘 = 𝑘0, which is then converted from samples to seconds,
as shown in (6), yielding the TOF estimate. In this ideal
setup, the accuracy of �̂�𝑠 is limited only by the sampling rate.
However, in practical cases, there are many issues that may
deteriorate the TOF estimates and, consequently, impair the
accuracy of ASL techniques.

The CCF essentially measures the similarity between
signals 𝑦[𝑛] and 𝑥𝑠[𝑛−𝑘] for different values of 𝑘. In practice,
however, the generalized cross-correlation (GCC) function
[25], a filtered version of the CCF, is usually preferred. By
denoting as 𝑋(e𝑗𝜔) the discrete-time Fourier transform of a
generic signal 𝑥[𝑛], the GCC function 𝑅GCC

𝑠 [⋅] : N→ R is

𝑅GCC
𝑠 [𝑘] ≜ 12𝜋 ∫

𝜋

−𝜋
Ψ𝑠 (e𝑗𝜔)𝑋∗𝑠 (e𝑗𝜔) 𝑌 (e𝑗𝜔) e𝑗𝜔𝑘d𝜔, (4)

whereΨ𝑠(e𝑗𝜔) is the frequency response of the filter employed
to extract specific pieces of information from the CCF [26].
There are many different choices for this filter [26, 27], but
the majority of applications involving localization through
acoustic signals use the phase transform (PHAT) filter

ΨPHAT
𝑠 (e𝑗𝜔) ≜ 1𝑋∗𝑠 (e𝑗𝜔) 𝑌 (e𝑗𝜔) . (5)

Note that, in the ideal setup with 𝑦[𝑛] = 𝑥𝑠[𝑛 − 𝑘0],𝑅GCC-PHAT
𝑠 [𝑘] = 𝛿[𝑘 − 𝑘0], featuring only one peak that can

be unambiguously associated with the TOF. This indicates
that GCC-PHAT may facilitate the TOF-estimation task by
eliminating spurious peaks that may appear in the standard
CCF due to the emitted signals’ self-similarities. This indeed
occurs for wideband signals, but when narrowband signals
are employed the division in (5) may not be well defined for
all frequencies or may actually induce noise enhancement.

Practical scenarios usually face moderate to severe rever-
beration, which essentially means that the received signal𝑦[𝑛] can be represented as the sum of delayed and attenuated
versions of the signal emitted by the loudspeaker 𝑥𝑠[𝑛]. Since
the phase of a signal conveys the information related to delays
and also because reverberation distorts the magnitude of the
signal, the PHAT filter discards the magnitude response of
the cross-spectrum density (Fourier transform of the CCF)
and focuses solely on its phase response, which makes the
GCC-PHAT more robust against reverberation, considering
wideband signals [27].

The TOF estimate can eventually be computed as

�̂�𝑠 ≜ 1𝐹 (argmax
𝑘∈N

{𝑅GCC
𝑠 [𝑘]}) , (6)

where 𝐹 ∈ R+ is the sampling frequency.

One can employ TOF- or TDOF-based ASL techniques
depending on the kind of errors present in each �̂�𝑠. Indeed,
for each estimate �̂�𝑠 there are random and systematic errors
associated with it. If systematic errors are dominant, then it is
better to rely on TDOF estimates, as similar systematic errors
are canceled by the subtraction of the TOF estimates. On the
other hand, if random errors are dominant, then it is better
to directly use the TOF estimates, because TDOF estimates
may amplify random errors. In the next subsection, practical
issues that lead to some kinds of errors in �̂�𝑠 are described.
2.4. Common Practical Issues. The accuracy of ASL tech-
niques depends on how close the estimates �̂�𝑠 are from the
actual TOFs 𝑡𝑠. A problem might occur if the direct path
connecting source and sensor does not exist or is temporarily
obstructed, that is, if there is no LOS; in this case, �̂�𝑠 in (6)
may be the propagation time corresponding to some other
path related to reflection. Similarly, the directionality of the
loudspeakers is also important, as it is related to the coverage
area of ASL systems. Both LOS and directionality issues
should be taken into account when designing ASL systems,
that is, when choosing and positioning the loudspeakers.

There are also some practical issues, like reverberation and
interference, that corrupt the received signal 𝑦[𝑛]. When such
issues are present, the CCF function may have other peaks;
as a consequence, the peak corresponding to the direct path
(i.e., to the TOF) becomes less prominent, sometimes even
smaller than surrounding peaks. Therefore, this kind of issue
impairs the received signal and thus the CCF and can be
circumvented by choosing an adequate acoustic signal 𝑥𝑠[𝑛]
(herein also called probe signal) with desirable correlation
properties and by exploiting the physics of the problem, as
will be explained in Section 4.

In general, if source and/or sensor are moving, then the
Doppler effect arises and may further corrupt the estimation
of 𝑡𝑠. Nevertheless, in many ASL applications, the relative
velocity between source and sensor is usually much smaller
than the speed of sound V, which makes Doppler effect
negligible.

The remainder of this section is devoted to some issues
involving time measurements, namely, asynchrony and fre-
quency mismatch between loudspeakers and microphones.
When there is asynchrony between microphone and loud-
speaker, the argument thatmaximizes𝑅GCC

𝑠 [𝑘] can bewritten
as 𝑘𝑜𝑠 + Δ𝑘𝑠 ∈ N, where 𝑘𝑜𝑠 is the actual discrete-time TOF
and Δ𝑘𝑠 is the discrete-time bias summarizing all time-lag
impairments. In addition, if there is frequency mismatch,
then the sensor’s clock frequency can be written as 𝐹 + Δ𝐹 ∈
R+, where𝐹 is the source’s clock frequency. Considering these
two deviations, the TOF estimate obtained in (6) is related to
the actual discrete-time TOF 𝑘𝑜𝑠 by

�̂�𝑠 = 𝑘
𝑜
𝑠 + Δ𝑘𝑠𝐹 + Δ𝐹 = 𝑘𝑜𝑠 + Δ𝑘𝑠𝐹 ( 11 + Δ𝐹/𝐹) . (7)

By assuming that |Δ𝐹| ≪ 𝐹, this expression can be
simplified as

�̂�𝑠 ≈ 𝑘
𝑜
𝑠 + Δ𝑘𝑠𝐹 (1 − Δ𝐹𝐹 ) ≈ 𝛼𝑡𝑠 + 𝛽𝑠, (8)
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where 𝛼 ≜ (𝐹 − Δ𝐹)/𝐹, 𝑡𝑠 ≈ 𝑘𝑜𝑠/𝐹, and 𝛽𝑠 ≜ Δ𝑘𝑠(𝐹 − Δ𝐹)/𝐹2.
Observe that if the discrete-time biases Δ𝑘𝑠, with 𝑠 ∈ S, are
due to asynchrony and some constant playback-system delay
only, that is, no acoustic impairment or LOS obstruction is
present, then Δ𝑘𝑠 = Δ𝑘 for all 𝑠 ∈ S, implying that 𝛽𝑠 = 𝛽 for
all 𝑠 ∈ S. Hence,

m − p𝑠
 = V𝑡𝑠 ≈ ( V𝛼) �̂�𝑠 + (−

V𝛽
𝛼 ) = 𝑎�̂�𝑠 + 𝑏, (9)

in which the speed of sound V is embedded into the unknown
parameters 𝑎 and 𝑏. In any context in which clock skew can be
neglected (i.e., 𝛼 = 1), 𝑎 actually models the speed of sound
and 𝑏models a constant range-bias.

Once the main definitions and common practical issues
have been described, one now has all basic tools to address
the sensor localization problem itself.

3. ASL Algorithms

As mentioned in Section 1, there are many different solutions
to the problem of localizing an acoustic sensor. This section
describes three state-of-the-art families of algorithms that
span the main ASL approaches. Section 3.1 details TOF- and
TDOF-based least-squares (LS) solutions [23] built on the
affine model in (9). Section 3.2 indicates how the steered-
response power (SRP) technique, originally targeted to the
problem of sound source localization (SSL) using micro-
phone array [27], can be adapted to work in the ASL context.
Section 3.3 describes a new localization approach that relies
on searching for regions (cuboids) that are likely to contain
the sensor.

3.1. Least-Squares. In the LS procedure, many TOF or TDOF
measurements are collected and used to estimate the micro-
phone position. In what follows, the TOF-based LS method
known as T𝑎𝑏 and the TDOF-based LSmethod known as D𝑎
proposed in [22, 23] are described.

3.1.1. TOF-Based Problem (𝑇𝑎𝑏). Motivated by the relation in
(9), let the error 𝑒𝑠 corresponding to the 𝑠th loudspeaker be
defined as 𝑒𝑠 ≜ (𝑎�̂�𝑠 + 𝑏)2 − ‖m − p𝑠‖2, for all 𝑠 ∈ S, where
the unknowns are m, 𝑎, 𝑏. Define the error vector e(T𝑎𝑏) ≜[𝑒1 𝑒2 ⋅ ⋅ ⋅ 𝑒𝑆]𝑇, in which the subscript T𝑎𝑏 stands for TOF-
based solutions with unknown parameters 𝑎, 𝑏, besides m
itself. Then, the T𝑎𝑏 problem is formulated as

min
m,𝑎,𝑏

e(T𝑎𝑏)2 , (10)

which is nonlinear and has no closed-form solution.

3.1.2. TDOF-Based Problem (𝐷𝑎). Without loss of generality,
assume that 𝑠 = 1 corresponds to the reference loudspeaker,
whose associated TOF and position are �̂�1 and p1 = 0,
respectively. In order to work with TDOFs, one can simply
apply the following relation to (9): 𝑎�̂�𝑠 + 𝑏 = (𝑎�̂�𝑠 − 𝑎�̂�1) +(𝑎�̂�1 + 𝑏) ≈ 𝑎𝜏𝑠1 + ‖m‖, where 𝜏𝑠1 is the TDOF related to the𝑠th and the reference loudspeakers. In this way, by defining𝑒𝑠 ≜ (𝑎𝜏𝑠1 + ‖m‖)2 − ‖m − p𝑠‖2, 𝑠 ∈ S \ {1}, and forming

the error vector e(D𝑎) ≜ [𝑒2 ⋅ ⋅ ⋅ 𝑒𝑆]𝑇, the D𝑎 problem can be
written as

min
m,a

e(D𝑎)2 , (11)

which is also nonlinear. Observe that, by working with
TDOFs, the D𝑎 approach eliminates the systematic error 𝑏,
as stated in Section 2.2. The acronym D𝑎 points out that this
solution uses TDOFs and estimates 𝑎, besidesm itself.

3.1.3. LS Solutions. For both LS approaches, the error vector
can bewritten in a general form as e = HΘ−g, where vectorΘ
is comprised of the unknowns to be estimated, whereasH and
g are known matrix and vector, respectively. The structures
of the involved vectors and matrix are given in the following
equations for both T𝑎𝑏 and D𝑎 [23]:

e(T𝑎𝑏) = [[[[
[

1 2p𝑇1 �̂�21 2�̂�1... ... ... ...
1 2p𝑇𝑆 �̂�2𝑆 2�̂�𝑠

]]]]
]

[[[[[
[

𝑏2 − ‖m‖2
m
𝑎2
𝑎𝑏

]]]]]
]
− [[[[
[

p12...p𝑆2
]]]]
]
,

e(D𝑎) = [[[[
[

2𝜏21 2p𝑇2 𝜏221... ... ...
2𝜏𝑆1 2p𝑇𝑆 𝜏2𝑆1

]]]]
]
[[[
[

‖m‖ 𝑎
m
𝑎2

]]]
]
− [[[[
[

p22...p𝑆2
]]]]
]
.

(12)

Therefore, the entries and dimension of these variables
depend upon whether a TOF- or a TDOF-based solution is
searched.

Although the entries ofΘ are not independent from each
other, a better tradeoff between computational burden and
estimation accuracy is achieved when such a constraint is
neglected [23, 28]. By doing so, the nonlinear problems in
(10) and (11) can be written as the following unconstrained
LS problem:

min
Θ

‖e‖2 , (13)

whose closed-form solution is

Θ̂ ≜ (H𝑇H)−1H𝑇g. (14)

In (14), it is assumed thatH is a full-rankmatrix, whichmeans
that 𝑆 ≥ 6 for both the T𝑎𝑏 and D𝑎 techniques.

When one can assume that 𝑎 = V, that is, there are no
sampling frequency mismatches, and the speed of sound is
known a priori, then the TDOF-based model can be written
as

e(D) = [[[[
[

2V𝜏21 2p𝑇2... ...
2V𝜏𝑆1 2p𝑇𝑆

]]]]
]
[‖m‖
m
] − [[[[

[

p22 − V2𝜏221...p𝑆2 − V2𝜏2𝑆1

]]]]
]
. (15)

Its corresponding LS solution, denoted by subscript D
(TDOF-based with no auxiliary parameter), is related to the
one presented in [28, 29] for the SSL problem.
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It is worth pointing out the strong dependence of the LS
solutions on the estimated TOFs or TDOFs, whose errors
may have a harmful effect on the localization accuracy. This
fact motivates the use of a different approach that tries to
estimate the sensor position directly, without resorting to
prior TOF or TDOF estimation. SRP-inspired solutions allow
one to do that, as described in the next section.

3.2. Steered-Response Power. The SRP technique was origi-
nally proposed for SSL problems usingmicrophone array, but
it can be adjusted to ASL as follows.

In this context, the SRP divides the search space into
a grid of points representing possible candidates for the
microphone position and measures the overall similarity
among emitted and received signals related to each of these
points. The point with highest similarity is selected as the
estimate of the microphone position. Thus, the SRP in the
ASL context searches for the grid point x ∈ R3 that
maximizes the following objective function:

𝑊(x) ≜ 𝑆∑
𝑠=1

𝑅GCC
𝑠 [𝑘𝑠 (x)] , (16)

where 𝑘𝑠(x) is the discrete-time TOF assuming that the
microphone position ism = x. When 𝑅GCC

𝑠 [𝑘] is the result of
applying the PHAT filter to the CCF, the technique is known
as SRP-PHAT.

When using a dense grid of points covering the entire
search space, the SRP technique achieves accurate position
estimates even in reverberant scenarios, as all TOFs are
considered simultaneously in a joint optimization procedure.
However, the SRP drawback is its high computational burden
due to the exhaustive search throughout the many points of
the grid.

It is important to highlight here that SRP-inspired solu-
tions have not been thoroughly explored in the ASL context.
For example, the impact of the affine model in (9) on the
performance of SRP-inspired solutions should be studied,
especially with regard to the bias 𝑏 (this problem does not
appear in SSL techniques, for they use TDOFs).This seems to
be a reasonable research direction, which could also benefit
from modifications on the SRP proposed to circumvent
the high computational burden when solving SSL problems
[24, 30–33]. Some of these strategies avoid the exhaustive
search throughout the entire grid, like in [30], and therefore
cannot guarantee accurate position estimates, as parts of the
search space are not explored. More interesting results were
obtained by the strategies that perform the exhaustive search
throughout a grid of regions covering the entire search space,
such as in [24, 32, 33]. The advantage over the standard SRP
comes from the fact that the grid of regions can be made
much coarser than the grid of points and still reach accurate
estimates.

The next section describes a new technique that puts
together a prior step of TDOF estimation, which usu-
ally yields computationally simple solutions, and the SRP-
inspired idea of an exhaustive search over a grid of regions,
which tends to improve the robustness of the method.

3.3. Region-Based Search. Consider a division of the whole
search region V ⊂ R3 in a number 𝐶 ∈ N of compact,
disjoint, and connected regions (e.g., cuboids)V𝑐 ⊂ V , with𝑐 ∈ {1, 2, . . . , 𝐶}, over which the search will be performed
(hereinafter, it is assumed that the regions are cuboids). Each
TDOF gives rise to a hyperboloid that is the locus of all
candidate spatial points that are consistent with that TDOF.
If the hyperboloid related to TDOF 𝜏𝑠1𝑠2 intersects cuboid
V𝑐, then TDOF 𝜏𝑠1𝑠2 is coherent with that cuboid [24]. It can
be proven using the Karush-Kuhn-Tucker (KKT) conditions
[34] that the coherence test can be implemented in a very
efficient way—see Theorem 3 and Corollary 1 of [24]. This
result shows that the TDOF 𝜏𝑠𝑟(x) of any point x insideV𝑐 is
within the interval (observe that the TDOF notation 𝜏𝑠1𝑠2 was
replaced by 𝜏𝑠𝑟, with 𝑠, 𝑟 ∈ S, to emphasize that the second
loudspeaker acts as a reference speaker):

I
𝑠𝑟
𝑐 = [min

𝑗
𝜏𝑠𝑟 (k𝑗𝑐) ,max

𝑗
𝜏𝑠𝑟 (k𝑗𝑐)] ⊂ R, (17)

where v𝑗𝑐 ∈ R3 (𝑗 ∈ {1, 2, . . . , 8}) is the position of
the 𝑗th vertex of cuboid V𝑐. Note that (17) implies that
comparisons are the only operations required to perform the
coherence test, since the TDOF bounds for each cuboid can
be precomputed just once and stored in a lookup table.

EachTDOF information is usually consistent with several
cuboids and thus does not suffice to determine the cuboid
that indeed contains the sensor; in fact, one has to aggregate
information from all loudspeakers in order to choose the
cuboid that most likely contains the sensor. Mathematically,
by defining the coherence test through the indicator function

I𝑐 (𝜏𝑠𝑟) = {{{
1, if 𝜏𝑠𝑟 ∈ I𝑠𝑟𝑐

0, otherwise, (18)

a robust objective function that implicitly assesses the likeli-
hood of the 𝑐th cuboid containing the sensor is defined as

L𝑐 =
𝑆−1∑
𝑟=1

𝑆∑
𝑠=𝑟+1

I𝑐 (𝜏𝑠𝑟) . (19)

Assuming the TDOFs associated with everymicrophone pair
are known (in practice, they are estimated), L𝑐 essentially
counts the number of those TDOFs which are coherent with
the 𝑐th cuboid. The cuboid with highest L𝑐 is the one that
most likely contains the sensor. The reader should observe
that the computational complexity of evaluating (19) is very
low, as it requires only counting and comparisons. It should
be highlighted that there are alternative objective functions
in the SSL literature whose definition andmotivation are very
similar to that of (19)—see [30, 32, 33].

Alternatively, the following objective function could also
be employed:

L

𝑐 =

𝑆∑
𝑠=1,𝑠 ̸=𝑟

I𝑐 (𝜏𝑠𝑟) . (20)

In comparison to L𝑐, L

𝑐 uses a single loudspeaker (the𝑟th one) as reference and, therefore, it is not as robust as
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L𝑐 for it relies on an accurate estimate of the 𝑟th TOF.
Equation (19), on the other hand, employs all pairs of TDOFs,
which is in some sense related to the “principle of least
commitment” [35] to which some researchers attribute the
excellent performance of SRP techniques [36].

The search procedure usually begins with a coarse volu-
metric grid covering the entire search space [32]. For instance,
one can divide each spatial dimension in 𝐿 ∈ N parts
of equal length, generating 𝐶 = 𝐿3 cuboids, each with
dimensions (𝑙𝑥/𝐿) × (𝑙𝑦/𝐿) × (𝑙𝑧/𝐿), where the entire search
space V is supposed to be a cuboid with edges of sizes 𝑙𝑥,𝑙𝑦, and 𝑙𝑧. Then, a hierarchical search takes place where
the candidate cuboids are tested in order to verify their
coherence with the available TOF/TDOF information [31].
This search can sometimes be posed within the branch-and-
bound paradigm [24] originally devised for combinatorial
and discrete optimization problems [37]. Given the current
candidate cuboids, the generation of the next set of candidate
regions starts by the selection of those (winner) cuboids that
maximize some objective function.Then, eachwinner cuboid
is recursively partitioned into smaller cuboids, each of them
carrying more specific information about its portion of space
[31]. The iterative process advances until some stop criterion
is met—for instance, the maximum number of iterations is
achieved.

At this point, it might be clear that the practical issues
mentioned in Section 2.4 impair the accuracy of the TOF or
TDOF estimates. Since the new region-based approach of this
section and the LS approaches in Section 3.1 strongly depend
on these estimates, it becomes crucial to obtain accurate
TOF/TDOF estimates which are robust to these practical
issues.This is why the techniques presented in Section 4 focus
on improving TOF estimates.

4. Improving TOF/TDOF Estimates

This section describes three techniques from the literature
that improve the accuracy of TOF/TDOF estimates. Sec-
tion 4.1 details the slidingwindows approach,which resorts to
physical constraints to define time-windows likely to contain
the actual TOFs. Section 4.2 describes a method that uses
matching pursuit (MP) algorithms to select candidate TOF
estimates within the previously defined time-windows, while
cleaning spurious components that appear in CCFs or GCC
functions. Section 4.3 shows how one can change the selected
TOFs in order to improve the final localization accuracy.

4.1. SlidingWindows. Each CCF (or GCC)may presentmany
peaks, hampering the task of detecting the peak associated
with the direct path. In order to overcome this difficulty,
a set of physical constraints the actual TOFs must satisfy
can be imposed on the search for the direct-path CCF
peak.These constraints stem from room geometry and probe
signals’ inherent structure, such as duration and cyclical
nature—ubiquitous in asynchronous passive ASL systems.
The sliding windows (SW) approach proposed in [23] is
a robust and computationally efficient technique employed
to search for CCF peaks while taking into account the
aforementioned constraints.
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Figure 1: Illustration of the ability of the SW technique to estimate
the correct loudspeakers’ emission order. Example of windows (in
green) that (a) do not have the correct emission order and (b) have
the correct emission order. Note that windows are delayed in distinct
CCFs in order to compensate for the transmission delay between
different loudspeakers.

The key idea underlying the SW technique is to jointly
search for the direct-path peaks across all CCFs simulta-
neously. This joint optimization is conducted by adding
the selected peaks within fixed-duration windows defined
in order to account for possible errors due to acoustic
impairments, such as reverberation, interference, and LOS
obstruction.The duration of those windows satisfies physical
constraints based on room dimensions (e.g., the maximum
lag can be upper bounded by the room diameter—maximum
distance between points within the room—divided by the
speed of sound). Moreover, the knowledge of the delay
between consecutive emissions of different loudspeakers as
well as the probe signals’ durations is used to constrain the
distance between windows from the corresponding CCFs.

Figure 1 illustrates the way SW technique works in a
simplified setup. Consider an anechoic room where four
loudspeakers emit cyclical impulses as probe signals. Assume
there is a fixed delay between emissions from different
loudspeakers, which is handy in practical reverberant envi-
ronments for it helps to deal with signal superpositions,
although not mandatory in this toy-example. The first step
is to define time-windows (depicted as green boxes in
Figure 1) based on the maximum admissible propagation
delays within the room. After that, the windows (one for
each CCF) are spaced apart based on the fixed delay between
consecutive emissions of probe signals. Then, the values of
the highest CCF peak within each window are added and
stored. A sliding windows process takes place in order to
evaluate the initial time-index for which the aforementioned
accumulated peak values achieve their maximum. Figure 1(a)
shows the windows in a positionwhere the accumulated peak
values are not maximal; the sliding process continues in a
cyclical fashion, accounting for the cyclical emission of probe
signals, as illustrated in Figure 1(b), where the maximum
is finally achieved. Thus, the SW technique also has the
ability to blindly detect the emission order of the probe
signals in the acquired signal, regardless of the order ambi-
guity induced by the asynchrony among transmitters and
receivers.



Wireless Communications and Mobile Computing 7

Mathematically, the SW technique yields a set of time-
windowsW𝑠, inwhich the 𝑠thTOF should be located, defined
as [23]

W𝑠 ≜ {𝑘max + (𝑢𝑠 − 1) 𝛿 − 𝐾, . . . , 𝑘max + (𝑢𝑠 − 1) 𝛿
+ 𝐾} , (21)

where 𝑘max is related to the start of the windows that (one
expects to) contain the actual TOFs, 𝛿 is the fixed delay
between windows (easily defined based on the duration
of a complete probe signal cycle), 𝐾 is dependent on the
dimensions of the room and defines the duration of the
windows, and [𝑢1 𝑢2 ⋅ ⋅ ⋅ 𝑢𝑆] is a right-cyclical shift of
vector [1 2 ⋅ ⋅ ⋅ 𝑆].

It is noteworthy that the highest peak inside W𝑠 often
corresponds to the desired 𝑠th TOF and, when this does
not happen, the search for the correct peak should be done
inside the windowW𝑠, whose length is usually much shorter
than the 𝑠th CCF/GCC support, significantly reducing the
computational burden of forthcoming stages that try to
correct misestimated TOFs. In fact, choosing the correct
peak within those windows may still be rather challenging
depending on the ASL environment. This fact calls for
nonlinear processing (see Section 4.2) that goes beyond the
linear processing implemented by CCF-based approaches.

4.2. Matching Pursuit. Using the lag associated with the
highest CCF peak as TOF estimate is equivalent to employing
matched filters for the TOF-estimation task [38]. As seen
before, multipath propagation, along with other acoustic
phenomena, modifies the desired correlation properties of
the probe signals, hampering the TOF-estimation task. Away
to circumvent such issues consists of performing a precise
estimation of the channel-impulse response (CIR), which can
be done if the probe signals are known.The time stamp of the
first nonzero coefficient of the estimated CIR should be the
desired TOF in an ideal setup.

A natural candidate for CIR estimation is the maximum
likelihood (ML) estimate, whose solution, under some mild
hypotheses, is equivalent to an unconstrained and nonreg-
ularized least-squares (LS) estimate, in the absence of noise
measurement and interferences [39] (in fact, the equivalence
remains even under normally distributed noise [40]).

Besides its lack of robustness under non-Gaussian per-
turbations [41], the ML solution is not feasible for real-time
localization systems due to its high computational complex-
ity. The authors in [20] proposed a greedy pursuit for CIR
estimation, specifically the matching pursuit (MP) algorithm
[42]. Such strategy was motivated by [43], which developed
a CIR estimation algorithm for multiuser environments in
code division multiple access (CDMA) systems, aiming at
TOF-based radio localization. The authors in [43] compared
the ML and MP techniques, eventually concluding that the
last outperforms the former. The inferior ML performance
is attributed to the underlying overparameterization of the
CIR, which makes the detection of the actual TOF unreliable
[43].

The MP algorithm relies on sparse representations of the
signals of interest [44], working by progressively isolating

(1) procedure TofEstimation(𝑠,𝑁𝑝,P𝑠)
(2) 𝑦[𝑛] ← 𝑦[𝑛]
(3) 𝑛It ← 0
(4) while 𝑛It < 𝑁𝑝 do
(5) ∀𝑘 ∈ P𝑠 : 𝑅𝑠 [𝑘] ← ∑

𝑛∈N

𝑦[𝑛]𝑥𝑠[𝑛 − 𝑘]
(6) 𝑘𝑝[𝑛It] ← argmax

𝑘

|𝑅𝑠[𝑘]|
(7) 𝛼[𝑛It] ← 𝑅𝑠[𝑘𝑝[𝑛It]]
(8) 𝑦[𝑛] ← 𝑦[𝑛] − 𝛼[𝑛It]𝑥𝑠[𝑛 − 𝑘𝑝[𝑛It]]
(9) 𝑛It ← 𝑛It + 1
(10) end while

(11) �̂�𝑠 ← (min{𝑘𝑝[𝑚]})𝐹
(12) return �̂�𝑠 (𝑠th estimated TOF)
(13) end procedure

Algorithm 1: TOF estimation by MP algorithm.

the signal structures which are coherent with a predefined
dictionary of signals. In the context of ASL, the works [12,
20] employ the MP algorithm to describe an excerpt of the
recorded signal as a linear combination of delayed versions
of one probe signal. Such decomposition permits to infer the
direct-path delay even when its CCF/GCC peak is highly
attenuated compared to peaks corresponding to reflected-
path delays.

Suppose one has good reasons to believe that the early
arrivals of the signal emitted by the 𝑠th loudspeaker occur at
the set of indexes P𝑠 (e.g., P𝑠 = W𝑠 given in (21)) of the
recorded signal 𝑦[𝑛]. Assuming that the𝑁𝑝 most significant
channel coefficients extracted by the MP contain the actual
TOF, the estimation of the 𝑠th TOF could be performed as
described in Algorithm 1. Note that this algorithm can easily
provide a set of 𝑁𝑝 candidate TOF estimates corresponding
to the 𝑠th loudspeaker.

When the 𝑁𝑝 parameter employed in Algorithm 1 is too
large, or when probe signals are not completely orthogonal,
some spurious components may appear before the direct-
path delay, as illustrated in Figure 2. One can circumvent this
issue by establishing a detection threshold, as proposed in
[20].

It should be pointed out that, even when Algorithm 1
fails, it yields a number (𝑁𝑝) of TOF candidates that is much
smaller than the number of CCF/GCC peaks; this is key
to further performing a refined search for the correct peak
without significantly increasing the computational burden (it
is assumed here thatP𝑠 contains the actual TOF). A possible
refinement step is described in the next section.

4.3. TOF Selection. As explained before, reverberation and
LOS obstruction between loudspeaker and sensor nodes
(and other issues) may severely impair the TOF estimate
and, therefore, the overall localization procedure [45]. One
way of tackling those issues consists of wisely selecting the
TOFs from the peaks of the CCFs/GCCs when they are
not the highest ones, or even discarding some CCF/GCC
information when the actual TOF cannot be found in it
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Figure 2: Example of MP decomposition. (a) Original CCF; (b)
the first 7 components extracted with Algorithm 1. The spurious
components that appear before the actual TOF are depicted inside
the red box.

[23, 45]. Note that such strategy, henceforth called “TOF
selection” or simply TS, does not perform an exhaustive
search over a grid of spatial points nor requires evaluations
of complex functionals; therefore, it is expected to demand
fewer numerical operations than SRP-inspired algorithms.

Each CCF/GCC usually provides many peaks and, con-
sequently, a combinatorial search for the best combination
of peaks may be infeasible in some applications. In order to
perform a computationally efficient search, the TS technique
should rely on some physically plausible heuristics. One
possible heuristics example, for instance, makes use of the
fact that spurious CCF/GCC peaks generated by multipath
propagation often occur after the correct peak, because non-
LOS paths are longer [23]. This assumption motivates a
search among peaks that occur before the current one if its
correctness is under question. Another example of heuristics
takes into account that the magnitude of an erroneously
detected peak is slightly larger than the magnitude of the
correct CCF/GCC peak in a high-SNR regime without LOS
obstruction [23]. A more common hypothesis states that the
highest CCF/GCC peak is often associated with the desired
TOF information.

Such heuristics are not sufficient for reliable TOF esti-
mation in practical environments. In general, they should
be connected with an objective function that incorporates
geometric constraints in order to assess a specific set of
candidate TOFs. Such assessment, which takes into account
available a priori information, is key to solving inverse prob-
lems [31]. One example of such geometric-based function
is the maximum discrepancy between the position obtained
by feeding the localization procedure with the TOFs (or
TDOFs) estimated from the CCFs/GCCs and the TOFs (or
TDOFs) that would have been observed if the sensor were
indeed at the estimated position [23]. Another example is the
coherence of the current set of estimated TOFs (or TDOFs)
with one ormore spatial regions [45] (see Section 3.3 formore
details).

The TS strategy begins with an evaluation of the objective
function, whose result should meet a stop criterion. Such
criterion can test whether a threshold is not violated and/or
whether the maximum number of iterations is not exceeded.
While such criterion is not satisfied, a “Refine” procedure
should be used. Such refinement represents the core proce-
dure of this method, which updates the current set of TOF
(or TDOF) candidates and may even include a procedure for
discarding some CCFs/GCCs from which one cannot extract
a reliable TOF (or TDOF) estimate [23].

5. Proposed ASL System

As the localization techniques described in Section 3 present
complementary benefits, the proper choice of the technique
to be used strongly depends on the requirements of the
particular ASL application. In addition, the recent advances
described in Section 4 have proved to work in practice and
their combinationswith the techniques in Section 3 open up a
myriad of exciting research directions that have not been fully
explored in theASL context.This section contains an example
of how one can put together the advantage of all techniques
in Section 4 along with the region-based search proposed in
Section 3.3, giving rise to a novel ASL system.

As mentioned before, SRP-inspired searches present high
computational complexity due to the required evaluation
of many complex functionals. Converting the search into a
selection of correct candidate TOFs among the CCF/GCC
peaks is an interesting alternative as long as the number
of such peaks is small. This is not the case, however, if
each CCF/GCC presents many peaks. Resorting to MP-
based algorithms is a convenient way of circumventing such
problem—recall that Algorithm 1 may return a variable
number (𝑁𝑝) of candidate CCF/GCC peaks. Nevertheless,
the MP algorithm should be fed with a set of indexesP𝑠, for
the 𝑠th loudspeaker, in which the early arrival of the related
probe signal is likely to be (see Section 4.2). This set P𝑠
must have a small cardinality; otherwise the computational
complexity becomes prohibitively high. Fortunately, a robust
estimate of a relatively small set P𝑠 = W𝑠 for each loud-
speaker can be performed by the SW technique described
in Section 4.1; indeed, the SW technique can deliver a small
excerpt of the recorded signal to the MP-based 𝑠th TOF-
estimation algorithm, which may then return 𝑁𝑝 candidate
TOFs for each loudspeaker. Using the common assumption
that the highest CCF/GCC peak (or, equivalently, the highest
coefficient extracted by the MP method) is often related to
the desired TOF, a reasonable strategy consists of using the
highest coefficients obtained by the MP as a preliminary
starting point for the set of estimatedTOFs.This set cannot be
directly used to infer the sensor location with LS techniques
(like T𝑎𝑏 or D𝑎) because such techniques are very sensitive to
TOFs/TDOFs errors [22], and one cannot assure beforehand
that the initial set of TOFs is accurate (one may only expect
that most of TOF/TDOF information is correct). At this
point, the new robust region-based search mechanism—see
Section 3.3— that solves the inverse problem of inferring the
sensor location from the data by progressively partitioning
some candidate regions (i.e., the winner ones) takes place.
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(1) procedure TofSelection(k1, . . . , k𝑆, t𝑐, c𝑤, 𝑁𝑝)
(2) for 𝑠 fl 1 to 𝑆 do
(3) for 𝑚 fl 1 to 𝑁𝑝 do
(4) �̃�𝑠[𝑚] ← 𝑘𝑠[𝑚]𝐹
(5) end for
(6) end for
(7) for 𝑠 fl 1 to 𝑆 do
(8) fitness ← [0, . . . , 0]

1×𝑁𝑝

(9) for 𝑚 fl 1 to 𝑁𝑝 do
(10) t← t𝑐
(11) 𝑡[𝑚] ← �̃�𝑠[𝑚]
(12) for 𝑖 fl 1 to #c𝑤 do
(13) fitness[𝑚]← fitness[𝑚] +L𝑐𝑤[𝑖](t)
(14) end for
(15) end for
(16) �̂� ← argmax fitness[⋅]
(17) �̂�[𝑠] ← �̃�𝑠[�̂�]
(18) end for
(19) end procedure

Algorithm 2: TOF selection by geometric constraints.

A simple choice is the use of cuboids, thus generating23 = 8 children cuboids from the parent one by dividing
each dimension into two equal parts. For each candidate
cuboid, one can evaluate the objective function (19), whose
computational complexity is very low.Cuboids thatmaximize
such functional are selected for further decompositions. Due
to the “principle of least commitment” [35] it is expected
that the winner cuboids contain the sensor location, which
imposes additional geometric constraints to the TOF/TDOF
data. Such constraints can be employed to perform a smart
selection of the TOFs—remember that (18) indicates whether
some TDOF data is coherent with a given cuboid. This
selection is rather favored by the previous application of
the MP-based TOF detection step, since it delivers only 𝑁𝑝
candidate TOFs for each loudspeaker, with𝑁𝑝 being typically
smaller than 10 [12, 20].

Algorithm 2 describes the proposed TOF-selection
scheme. Vector c𝑤 contains the indexes 𝑐𝑤[𝑖] of current
winner cuboids, vectors k𝑠, with 𝑠 ∈ S, contain the𝑁𝑝 sample
indexes 𝑘𝑠 [𝑚] of the 𝑠th loudspeaker candidate peaks, and t𝑐
contains the current set of TOF estimates. Note that the core
calculation of this algorithm is performed in line 13, which
employs (19), whose computational cost is negligible since it
does not require multiplication nor division operations (only
comparisons and sums). Algorithm 2 returns vector t̂, which
contains a set of updatedTOFdata.After the geometric-based
selection of the next set of candidate TOFs, one may again
proceed to a new decomposition step, until some criterion
is met (typically, until the prescribed maximum number of
iterations is reached). Although such recursive procedure
is not pointwise, one may easily obtain a point estimation
for the sensor location by evaluating the mass center of the
last winner cuboid (it should be stressed that at the final
step of the described procedure only one cuboid remains, in

Initialize
Sliding

windows
MP-based

peak detection

Select winner
cuboids

TOF
selection

Stop criterion
was met?End

No

Figure 3: Block diagram of the proposed ASL system.

Table 1: Coordinates (in meters) of each loudspeaker.

Index 𝑥 𝑦 𝑧
1 0.3520 5.5430 2.2570
2 0.3880 5.5620 1.7065
3 0.6160 0.8275 2.0105
4 0.3120 2.8905 1.6430
5 0.3420 2.8725 0.9850
6 4.5720 3.0250 1.6020
7 4.5630 3.0185 1.0075
8 2.3315 0.5235 1.1710
9 4.5330 5.5830 2.2605
10 4.4740 5.5505 1.6875
11 4.1700 0.9000 2.0160

general). Figure 3 presents a block diagram of the proposed
method.

6. Experimental Results

The main goal of this section is to present an evaluation of
the proposedmethod (described in Section 5) in a real-world
scenario, as a proof of concept.

6.1. Experimental Setup. The test environment is a lecture
room with a measured reverberation time (𝑇60) of approx-
imately 500ms and dimensions 5.2m × 7.5m × 2.6m. Eleven
loudspeakers with a diameter of 7.6 cm are located according
to the positions indicated in Table 1. A mobile device is
located at position {1.746, 4.425, 0.748}mwith the automatic
gain control (AGC) activated. The captured signals, for each
estimation, have durations of 0.55 s. The signal is recorded at𝐹 = 48 kHz with 24-bit precision.

In order to provide an accurate localization procedure,
the probe signals should meet several prerequisites, namely,
low audibility, high orthogonality, robustness against interfer-
ences, and short duration (which guarantees a high refresh
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Table 2: Median localization error (in cm) for different choices of emission power 𝑃 (in dB, relative to a standard power level). The number
of MP decompositions is𝑁𝑝 and the number of hierarchical cuboid decompositions is𝑁𝑐.
𝑁𝑝 TS− TS+ TS− TS+ TS− TS+

𝑁𝑐 = 4 𝑁𝑐 = 6 𝑁𝑐 = 8𝑃 = 0 dB
1 50.42 50.42 44.39 44.39 44.37 44.37
3 50.42 18.28 44.39 18.28 44.37 18.16
5 50.42 8.00 44.39 13.79 44.37 11.80
7 50.42 8.00 44.39 13.79 44.37 12.78

𝑃 = −6 dB
1 34.06 34.06 31.04 31.04 33.02 33.02
3 34.06 18.28 31.04 17.50 33.02 17.08
5 34.06 8.00 31.04 16.08 33.02 15.01
7 34.06 8.00 31.04 13.79 33.02 11.45

𝑃 = −12 dB
1 50.42 50.42 43.54 43.54 45.40 45.4
3 50.42 22.76 43.54 26.88 45.40 28.55
5 50.42 18.71 43.54 22.55 45.40 21.5
7 50.42 18.71 43.54 19.18 45.40 17.44

𝑃 = −18 dB
1 50.42 50.42 56.71 56.71 56.72 56.72
3 50.42 34.06 56.71 31.63 56.72 32.65
5 50.42 18.71 56.71 17.91 56.72 18.06
7 50.42 18.71 49.67 26.16 50.1 24.88

𝑃 = −24 dB
1 50.42 50.42 57.73 57.73 58.48 58.48
3 50.42 18.71 57.73 14.04 58.48 12.39
5 50.42 13.14 57.73 15.17 58.48 16.21
7 50.42 18.71 57.73 17.76 58.48 17.98

rate of the sensor location). In the following experiments,
a new set of probe signals, called polyphonic chirps, were
designed tomeet such requirements.The starting point of the
polyphonic chirps consists of linear chirps, whose bandwidth
ranges from 14.0 to 20.0 kHz, with amplitudes following the
inverse A-weighting curve (which is the inverse of the human
relative loudness [46]), so that there is an increasing gain
from 14 to 20 kHz. One can define 4 subbands from the pri-
mary chirp signal, namely, from 14.0 to 15.5 kHz, from 15.5 to
17.0 kHz, from 17.0 kHz to 18.5 kHz, and from 17.5 to 20.0 kHz.
Within each subband, one can play a chirp with increasing
frequency or with decreasing frequency. Bit 0 is associated
with the latter and bit 1 with the former. Hence, one can assign
to each loudspeaker a 4-bit codeword whose bits, from the
most to the least significant, are associated with the subchirps
from the lowest to the highest frequency band. Therefore,
4 subchirps are expected to be simultaneously played-back
by each loudspeaker, giving birth to a specific polyphonic
chirp. Additionally, modifications were heuristically (in the
sense that they were based on the audibility level of the
resulting probe signals) taken to shorten the probe signals
audibility: the two lower-frequency subchirps are attenuated
by factors of 20 (subband 14.0–15.5 kHz) and 10 (subband
15.5–17.0 kHz). Further, each polyphonic chirp follows a 5-ms
fade-in/fade-out envelope to hide undesirable discontinuities

at the start and at the end of the underlying signals. A cyclical
emission of 30-ms polyphonic chirps is performed, following
an order previously known by the sensor node.There is a 20-
ms silence interval between consecutive emissions, aiming
at reducing the effects of interference and signal superposi-
tion caused by reverberation. It should be emphasized that
through informal listening tests under typical environmental
conditions, we found that these chirps are inaudible for most
people.

The probe signals were emitted with power 𝑃 dB relative
to a standard power level, with 𝑃 ∈ {0, −6, −12, −18, −24}.
The purpose of the experiment is to assess the importance of
geometric-based TOF-selection procedure (see Algorithm 2)
with different levels of emitted power. For each configuration,
100 different excerpts were employed to provide different
localization estimates, whose error statistics are presented in
the following.

6.2. Median Localization Error. This section aims at assess-
ing the impact of different choices of the number of MP
decompositions 𝑁𝑝 and the number of hierarchical cuboid
decompositions 𝑁𝑐 on the localization accuracy. Table 2
presents the results with TOF-selection procedure disabled
(TS−) and TOF-selection procedure enabled (TS+). From this
table, one can conclude that the TOF selection is very effective
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Figure 4: Localization error (within a 50 cm range) for each recorded signal excerpt and respective CDF with 𝑃 = (a) 0, (b) −6, (c) −12, (d)−18, and (e) −24 dB. Blue: localization procedure with TOF selection disabled. Red: localization procedure with TOF selection enabled.

in reducing the median error provided there exists more
than one TOF candidate (i.e., 𝑁𝑝 > 1). The use of such
procedure has never increased the median localization error
and sometimes reduces it inmore than 70%.Hence, fromnow
on it is considered that the TOF selection is always enabled.
Regarding the number of MP decompositions, choices of𝑁𝑝 between 5 and 7 (inclusive) appear to achieve a good
compromise between accuracy and computational cost. The
use of a large number of hierarchical decompositions 𝑁𝑐 is

usually not a wise strategy, since it increases the probability
of selecting an erroneous cuboid, which harms the posterior
hierarchical search. It should be noticed that the method
works even with extremely low power emission (in general,
when 𝑃 = −24 dB, the loudspeaker sound is inaudible).
6.3. CDF of the Error. In order to evaluate the impact of the
emitted power on the localization accuracy, Figure 4 shows
the localization error (when it is smaller than 50 cm) and the
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cumulative distribution function (CDF) of the localization
error with 𝑁𝑝 = 5 MP extracted components and 𝑁𝑐 = 4
hierarchical decompositions of cuboids. These results reveal
a progressive accuracy degradation with the reduction of the
power emission. Moreover, the advantage of employing the
proposed TS technique is also clear from those results.

7. Concluding Remarks

This paper serves three purposes. First, it presents a brief
review of the vast literature of acoustic sensor localization
(ASL) for those beginning in this field. Indeed, a wide range
of topics are covered, ranging from the fundamentals of
ASL to some state-of-the-art techniques. Second, this paper
provides new research directions within the ASL field by
explaining how one can borrow some concepts from its dual
problem: the sound source localization (SSL). In this way,
many research opportunities are opened. Third, this paper
proposes a new ASL technique that combines region-based
search (which is inspired by some recently proposed SSL
techniques that employ hierarchical searches) and matching
pursuit estimation of times-of-flight (TOFs).

Another difference from our previous work [23] is that
the ASL technique proposed here works with probe signals
which are inaudible for most people, as they have low power
and contain only high-frequency components. However, the
use of such probe signals makes the TOF estimation a
much more challenging task. This explains why robust TOF-
estimation techniques are thoroughly discussed throughout
the paper.

A real-world experiment was conducted in order to
demonstrate that the proposed ASL technique is capable of
estimating the position of mobile devices with a median
localization error below 20 cm. Usually, the ultimate goal of
many practical ASL systems is to find the position of someone
carrying a mobile device and, therefore, an estimation error
inferior to 20 cm is rather reasonable.
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The rich literature on acoustic source localization mostly relies on the assumption of a constant value for the speed of sound. This
hypothesis allows establishing simple relations between range differences and time differences and leads to effective estimation
algorithms. However, it must be challenged for certain applications of wireless acoustic sensor networks in multizone buildings
and outdoor environments. This article revisits the source localization problem for the more general case of an unknown value for
the speed of sound. It reviews the physical foundations for the dependence of the speed of sound on the air temperature and presents
the essential approaches to acoustic source localization. On this basis, several methods for source localization under uncertain or
variable speed of sound conditions from the literature are discussed. Applications from different fields are shown. They comprise
the localization of sources, sensors, and reflecting surfaces, time-difference-of-arrival disambiguation, and the direct determination
of the speed of sound or the air temperature from acoustic measurements.

1. Introduction

Acoustic sensor networks attempt to record one or more
desired sound sources in the presence of other unwanted
sources. These unwanted sources may be competing sources,
noise sources, or reflections thereof. A popular way to distin-
guish between desired and unwanted sources is by their direc-
tion or location. For mirrored reflections also the reflector
position may be of interest.The localization of sound sources
provides information to enhance the desired source and to
attenuate unwanted sources by beamforming techniques [1].
Source localization is also a topic in its own right for the
analysis of acoustic scenes or for tracking of sound sources.

Severalmethods for source localization frommultimicro-
phone recordings are available [2]. Among these, the clas-
sical time-of-arrival (TOA) and time-difference-of-arrival
(TDOA) methods are still competitive due to their computa-
tional simplicity and reasonable performance. This property
carries over to wireless acoustic sensor networks where the

computing power is restricted by hardware and energy con-
straints.

Both TOA- and TDOA-methods estimate time differ-
ences between source and receiver or between receivers and
convert them to range differences. The conversion factor is
the propagation speed of the sound waves or briefly the speed
of sound. Inmany applications it is considered to be constant.
This choice is derived from the historical roots of TDOA-
methods (and similar for TOA) in phased array antennas.
There, the corresponding conversion factor is the propagation
speed of electromagnetic waves in the earth’s atmosphere
which is not subject to appreciable environmental influence.

The corresponding assumption of a constant speed of
sound is also justified for indoor applications under con-
trolled environmental conditions, in particular for constant
room temperature. Typical applications are laboratory envi-
ronments or office spaces for video and speech commu-
nications. However, wireless acoustic sensor networks have
potential outdoor applications where the air temperature
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Figure 1: (a) Sound source and sensor array with four microphones. (b) Recorded microphone signals 𝑝�푛(𝑡), 𝑛 = 0, . . . , 3.
may be subject to considerable daily or seasonal variations.
Also large temperature variations along the propagation path
are conceivable for communication in spaces with extreme
working conditions like steel mills or cold storage houses.

The fact that environmental conditions may affect wave
propagation strongly is well known from underwater acous-
tics. Here the variation of the salinity degree in ocean
water leads to nonstraight propagation paths and multiple
reflections at the water surface [3–6]. Are similar effects
possible also for outdoor sound propagation and how would
TDOA measurements be affected?

This article reviews the effect of temperature variations
on sound propagation in air and further on the accuracy of
source localization with acoustic sensors. These results are
of interest also to wireless acoustic sensor networks where
synchronization between all sensors is not guaranteed.

Wireless networks have received considerable attention
in the recent literature. A hierarchical approach has been
presented in [7] where a distributed network consists of
multiple compact arrays, the so-called network nodes. The
microphones in each node are synchronized and allow
TDOA estimates but there is no synchronization between
the nodes. Ranging and self-positioning in wireless acoustic
sensor networks are considered in [8]. Here active nodes
with one microphone and one loudspeaker each permit TOA
estimation by emitting test signals. The nodes are not syn-
chronized among each other. A similar problem is addressed
in [9] where TDOA estimates with unknown time offset
are used. The special problems of low-cost wireless acoustic
sensor networks are discussed in [10].Here a statistical frame-
work is invoked to provide an efficient localization algorithm.
Unsynchronized communication between wireless acoustic
sensors is studied in [11] where bearing-only information is
exchanged between the network nodes. In all these cases,
the conversion from time delay estimates to range estimates
(where required) is based on the assumption of a common
and known speed of sound.

This limiting assumption is dropped here and the conse-
quences for source localization are investigated. This article
is an extended version of a slide presentation at [12]. It is
structured as follows: Section 2 gives a brief overview on
delay-based source localization. Then Section 3 investigates
the influence of the propagation speed on the shape of the
propagation path and on the travelled distance of sound
waves. Section 4 discusses the mathematical formulation
of the TDOA-based source localization problem in some
detail. This formulation is extended in Section 5 to include
the propagation speed as an additional unknown in the
estimation process. Some applications from the literature are
reviewed in Section 6 before Section 7 concludes the article.

2. Delay-Based Localization of a Sound Source

This section reviews briefly the foundations of delay-based
localization. It is meant to be a first introduction to the basic
idea. A more profound discussion follows in Section 4. The
topic is also well covered in the literature; see, for example,
[1, 2, 13–17].

Figure 1 shows on the left a point-like sound source. Its
sound waves are recorded by four microphones (0, 1, 2, 3) in
an arbitrary geometric arrangement. All four microphones
record the same waveform 𝑝�푛(𝑡), 𝑛 = 0, . . . , 3, but with
a slightly different time delay according to their individual
distance from the source. An example for the resulting
microphone signals is shown on the right hand side.

The absolute delay of the individual signals corresponds
to the distance between source and microphone. It is called
the time-of-arrival (TOA) and can be inferred from the
recorded signal only when source and receiver are synchro-
nized. In all other cases, the difference between the arrival
times between pairs of the four microphone signals can be
determined as time-difference-of-arrival (TDOA). Since the
TDOA-case is more important for practical applications, it
will be emphasized in the sequel.
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Figure 1(b) is somewhat idealistic since it might suggest
that the estimation of TDOAs was an easy task. Actually,
it can be quite problematic for general speech and audio
signals and for different kinds of environments. Twomethods
are established to determine TDOAs from sensor signals:
correlation of the sensor signals or estimation of the room
impulse response.

Correlation methods determine the time lag between
the arrival times of a source signal at two different sensors
positions from the cross correlation between the correspond-
ing sensor signals. Ideally the location of the maximum of
the cross correlation function is detected as the most dom-
inant peak. However due to self-similarity of the source
signal, multiple source signals, or reverberation, the cross
correlation may have multiple peaks and its true maximum
may be ambiguous.

Estimates of the room impulse responses between source
and sensors cannot rely on the knowledge of the source signal
or source position.Thus they have to be conducted in a blind
fashion frommeasured sensor signals only. Differences in the
onset of the impulse responses with respect to two different
sensors indicate the time-difference-of-arrival. Again the
quality of the estimation may be impaired by competing
sources and by reverberation. Temperature effects have been
described in [18].

The estimation of TDOAs by both methods is well
documented [13, 15–17, 19–21] and is not further elaborated
here. As a very general statement, correlation methods are
faster to compute than blind estimation methods. Therefore
correlation is oftenpreferred for real-time source localization,
for example, for tracking purposes.

Once a time difference Δ𝑡 between two microphones has
been estimated the corresponding range difference Δ𝑟 can be
obtained from Δ𝑟 = 𝑐Δ𝑡 (1)

for a constant speed of sound 𝑐. If the speed of sound is
unknown then it has to be estimated from the recorded
signals. Further, if the speed of sound varies along the
propagation path, then the assumption of propagation along
a straight line is questionable and (1)might not hold anymore.
These cases are further investigated in Section 3.

3. Foundations from Physics

This section reviews some of the physical foundations of
the propagation of sound waves. These comprise the relation
between travel time and travelled distance, the dependence
of the propagation speed on the air temperature, and the
shape of the propagation path.Then some conclusions for the
application to source localization are drawn.

3.1. Relation between Travel Time and Travelled Distance. The
relation between travelled distance and the travel time of
sound waves is determined by the acoustic wave equation.
Since the acoustic wave equation admits very general and
complex solutions often approximations are applied. An
approximate solution which is valid for short wavelengths
is the eikonal equation (see, e.g., [22, 23]). It describes the

x0
 x1

Figure 2: Propagation path between a sound source at position x0
and a sensor at position x1.

wavefronts and their gradients which point into the direction
of propagation similar to rays in optics. Following the ray
from source to receiver reveals the propagation path which
is not necessarily a straight line.

Figure 2 shows the general case of a propagation path
between a sound source and a microphone as receiver. The
locations of source and receiver are given by the position
vectors x0 and x1, respectively. The length of the propagation
path is measured by a coordinate 𝜌 along the path.

The propagation speed 𝑐(𝜌) at each location on the path
is simply the time derivative of 𝜌. It can also be characterized
by its inverse, the slowness 𝑎(𝜌):𝑐 (𝜌) = 𝑑𝜌𝑑𝑡 = 1𝑎 (𝜌) . (2)

The length ℓ of the propagation path, that is, the distance
travelled by awave from source to receiver, aswell as the travel
time Δ𝑡 can be obtained by integration along the path:ℓ = ∫x1

x0
𝑑𝜌,

Δ𝑡 = ∫x1

x0

1𝑐 (𝜌)𝑑𝜌 = ∫x1

x0
𝑎 (𝜌) 𝑑𝜌. (3)

The relation for the travel time in (3) is trivial if the
propagation path is a straight line of length ℓ and if the
propagation speed is constant 𝑐(𝜌) = 𝑐 = const:Δ𝑡 = 1𝑐 x1 − x0

2 = ℓ𝑐 , (4)

with the Euclidian norm ‖ ⋅ ‖2. Indeed, most papers assume
this case with 𝑐 = 343m/s or similar values.

However, the propagation speed of sound waves depends
on the air temperature and—to a lesser extent—on humidity.
Thus it may vary along the propagation path and it may vary
with time at a fixed location.

3.2. Dependence of the Speed of Sound on the Air Temperature.
For a specific gas the speed of sound depends on various
variables and physical constants; see, for example, [24]. The
variable quantities include air temperature, pressure, and
density. Since variations of the air temperature are dominant
over variations of air pressure and density, the latter are
considered to be constant here. Then the dependence of the
speed of sound on the air temperature can be written in a
simple form as 𝑐abs (𝑇) = √𝛾�푠𝑅�푠𝑇 ∼ √𝑇, (5)
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Figure 3: Speed of sound as function of the temperature according
to the square root law (5) and the linear approximation (6).

with the absolute temperature 𝑇, the adiabatic index 𝛾�푠, and
the specific gas constant 𝑅�푠.

The adiabatic index is the ratio of the heat capacity with
respect to constant pressure over the heat capacity with
respect to constant volume. Its value can be deduced from
the degrees of freedom of the gas molecules. Dry air is
mainly composed of O2 and N2 with two atoms per molecule
and an adiabatic index of 7/5 = 1.4. Environments with
considerable concentrations of H2O or CO2 require slightly
different values [24].The specific gas constant𝑅�푠 is calculated
from the universal gas constant and themolecularmass of air.
The value for dry air is 𝑅�푠 = 287.1m2s−2K−1.

For engineering applications, the Celsius scale is more
convenient than the absolute temperature scale. Furthermore
a Taylor expansion around the zero point𝑇0 = 273.15K gives
a linear approximation𝑐 (𝜗) = 𝑐abs (𝑇0 + 𝜗) ≈ √𝛾�푠𝑅�푠𝑇0 (1 + 12 𝜗𝑇0) = 𝑐0 + 𝑐1𝜗 (6)

with 𝑐0 = 331m/s,𝑐1 = 0.6m/s∘C. (7)

For room temperature at 𝜗 = 20∘C the familiar value of 𝑐 =343m/s results.
The linear approximation (6) is a good fit to the square

root law (5) as shown in Figure 3.The temperature range from−20∘C to 50∘C has been chosen to match the temperature
specification of many mobile consumer devices. Therefore,
the linear approximation 𝑐(𝜗) is used from now in lieu of the
physically correct model 𝑐abs(𝑇) from (5).

Obviously, there is a considerable variation of the speed
of sound over the shown temperature range. It can be calcu-
lated quickly from the temperature sensitivity of the linear

x1



x0
d

2

d

2

RR



ＭＣＨ


2
=

d/2

R

 =


R

Figure 4: Segment of a circle as approximation of the shape of the
propagation path.

approximation (6):𝑑𝑐𝑑𝜗 = 𝑐1 = 0.6m/s∘C,Δ𝑐 = 𝑐1 (50∘C − (−20∘C)) = 42m/s. (8)

It may be concluded that the variation of the speed of
sound over the operation range of sensor devices cannot be
neglected.

3.3. Shape of the Propagation Path. Having investigated the
variation range of the speed of sound, it is now of interest
to consider the shape of the propagation path. The relations
between speed of sound variations and the path shape or
the curvature of wavefronts is well studied; see, for example,
[5, 22, 25] and references therein. A simplified analysis is
presented here. It discusses only the extent to which the
propagation path deviates from a straight line. To this end,
the path from Figure 2 is approximated by the segment of a
circle. A justification of this assumption is given at the end of
this section.

Figure 4 shows the adopted circular shape of the propa-
gation path.The full circle is characterized by its radius𝑅 and
the segment by the angle 𝛼. The path length ℓ is connected to𝑅 and 𝛼 by the definition of the radian, while the baseline 𝑑
of the segment is connected to 𝑅 and 𝛼 by the definition of
the trigonometric sine function.

Eliminating the angle𝛼 from the basic geometric relations
in Figure 4 results in an expression with an inverse sine
function which can be approximated by a truncated Taylor-
series: ℓ2𝑅 = arcsin 𝑑2𝑅

arcsin𝑥 ≈ 𝑥 + 16𝑥3. (9)

This approximation gives an algebraic relation for the path
length ℓ: ℓ = 𝑑(1 + 124 (𝑑𝑅)2) (10)
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Table 1: Example values for temperature induced speed of sound
variation along the propagation path.𝜗 𝑐(𝜗)
x0 0∘C 331m/s
x1 20∘C 343m/s

which can be separated into a direct connection with a
relative length of unity and into an excess length Δ𝑑 caused
by the curvature of the pathℓ𝑑 = 1 + Δ𝑑𝑑 ,Δ𝑑𝑑 = 124 (𝑑𝑅)2 . (11)

The relative excess length is obviously given by the relation
between the length 𝑑 of the direct path and the radius 𝑅.

The connection to the speed of sound is now established
through the eikonal equation [22]. It states that the curvature𝜅 as inverse radius is connected to the speed of sound and its
spatial derivative along the propagation path (see Figure 2).𝜅 = 1𝑅 = −𝑑𝑐 (𝜌)𝑑𝜌 1𝑐 (𝜌)

or 𝑑𝑅 = −(𝑑𝑑𝑐 (𝜌)𝑑𝜌 ) 1𝑐 (𝜌) . (12)

The term in parenthesis can be approximated by the total
variation of the propagation speed along the path and the
denominator can be approximated by themean velocity along
the path 𝑑𝑑𝑐 (𝜌)𝑑𝜌 ≈ 𝑐 (x0) − 𝑐 (x1)𝑐 (𝜌) ≈ 12 (𝑐 (x0) + 𝑐 (x1)) , (13)

such that 𝑑𝑅 ≈ 2𝑐 (x0) − 𝑐 (x1)𝑐 (x0) + 𝑐 (x1) . (14)

For a rough estimate of the numerical values encountered
in acoustic source localization consider an example where
the source is at a temperature of 0∘C and the receiver at a
temperature of 20∘C (see Table 1). The corresponding values
for the speed of sound follow from (6) and (7).

Inserting the values from Table 1 into (12) and (11) gives𝑑𝑅 ≈ −−12337 = 0.036,Δ𝑑𝑑 ≈ 5 ⋅ 10−5. (15)

This example shows that a temperature variation of 20K
along the propagation path leads to a negligible relative excess
length. Thus the curvature effect predicted by the eikonal
equation is negligible under these conditions and the simple
model of propagation along a straight line is a very good
approximation.

It remains to justify the assumption of the circular
shape of the propagation path. It is equivalent to a constant
value of the curvature. To show that this is a reasonable
assumption for slight variations of the speed of sound along
the propagation path, assume a speed of sound of𝑐 (𝜌) = 𝑐0 + 𝑐1𝜌

with 𝑐1𝜌 ≪ 𝑐0. (16)

A comparison with the values of Table 1 shows that this
assumption is indeed realistic. For the components of (12) the
following holds: 𝑑𝑐 (𝜌)𝑑𝜌 = 𝑐1,1𝑐 (𝜌) = 1𝑐0 (1 − 𝑐1𝑐0 𝜌) , (17)

where the latter result is a first-order Taylor approximation.
Using the relation from (16) and inserting into (12) give𝜅 = −𝑐1𝑐0 , (18)

which is indeed a constant value along the propagation path.
This analysis shows that the initial assumption of a

circular shape of the propagation path is justified since the
curvature is constant. Furthermore this constant has been
shown to be negligible such that the propagation path can be
well approximated by a straight line.

3.4. Lessons Learnt fromPhysics. What does the above digres-
sion into the physics of ideal gasses and the acoustic wave
equation tell about source location?

At first, it can be stated that the travel time between source
and receiver depends on

(i) the length of the propagation path
(ii) the speed of sound along the propagation path.

Thus travel times (or their differences) can be converted into
ranges (or range differences) only when the speed of sound
is known. The popular assumption of a constant and known
propagation speed implies the assumption of a constant and
known air temperature.

Furthermore, temperature variations along the propaga-
tion path have the potential to bend the propagation path
away from a straight line, depending on the spatial derivative
of the speed of sound. However, within the temperature
range as experienced by human users such a deflection from
the straight line is negligible. Similar considerations apply
to variations of the air density (e.g., humid air) or the air
pressure.
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In conclusion, the conversion between time differences
and range differences for source localization can be based on
the following assumptions:

(i) The propagation path is a straight line.
(ii) For constant conditions with respect to temperature,

density, and pressure, the propagation speed is also
constant.

(iii) Otherwise, variations of the propagation speed may
require special consideration.

3.5. Mean Propagation Speed. The calculation of the speed
of sound from the temperature and air density and pressure
according to (5) is not practical since these quantities are not
accessible by measurements. Even when the temperature at
the source and the receiver were known from local measure-
ments, the temperature variation along the propagation path
would still not be available.

Therefore a mean temperature 𝑐 is introduced, which is
treated as an unknown quantity and subject to estimation. A
rigorous definition can be derived from (3) asΔ𝑡 = ℓ𝑐 where 1𝑐 = 1ℓ ∫x1

x0

1𝑐 (𝜌)𝑑𝜌. (19)

In the sequel, the notation “propagation speed 𝑐” is used in
lieu of the mean propagation speed 𝑐.
3.6. Different Levels of Assumptions. The investigation of the
physical background shows that the propagation speed of
sound waves is an unknown quantity. However its value
can be predicted if standard conditions are assumed. The
following assumptions are found in the literature on source
localization:

(1) The propagation speed is constant with respect to
time and space and its value is known. This assump-
tion is adopted in most of the literature with a room
temperature of 20∘C. Other conditions (like dry air,
height at sea level) are assumed implicitly.

(2) The propagation speed is constant with respect to
space and also with respect to time during a short
measurement period. Its actual value is unknown.
This case is considered in some publications as dis-
cussed in Section 5.

(3) The propagation speed is constant with respect to
time during a short measurement period but it may
vary in an unknown way along the propagation
path. This case can be reduced to assumption (2) by
considering the mean propagation speed from (19).

4. Source Localization

This section discusses the foundations of acoustic source
localization from measured time differences in some detail.
The estimation of these time differences from recorded
microphone tracks is not reviewed here; see the literature
references in Section 2. Instead the redundancy of the esti-
mated time differences is discussed. To this end, methods

Time differences Range differences Source position

Figure 5: Determination of the source position frommeasured time
differences.

from graph theory turn out to be useful. Further, the general
estimation problem is formulated and approaches for its
solution are discussed.

This field is well researched for the assumption of a con-
stant speed of sound. Therefore the presentation is focussed
on those topics which are of importance for discussing the
case of unknown propagation speed in Section 5.

The general procedure is shown in Figure 5. At first time
differences are estimated, for example, by pairwise correlation
between microphone signals; see Figure 1. Then these time
differences are converted into range differences with relations
like (19) with known or unknown propagation speed. Finally
geometric relations set up a system of equations with the
source position as unknown variable.

The time differences can be estimated between source and
receiver as times-of-arrival (TOAs), when synchronization
between source and receivers can be established (see, e.g.,
[26]). In many practical applications such synchronization
is not possible, for example, for human speaker localiza-
tion. In these cases, time differences are estimated between
the receivers as time-differences-of-arrival (TDOAs). Both
approaches are similar. For TOA, the synchronized source
can be regarded as a reference, while, for TDOA, one or more
of the receivers are selected as reference. The further presen-
tation is therefore formulated for the TDOA-case. Suitable
extensions to the TOA case follow in a similar fashion.

4.1. Time-Differences-of-Arrival (TDOAs). The time-differen-
ces-of-arrival are the differences in the absolute arrival times
of a wavefront from a distant source measured at a pair of
microphones (see Figure 6). The absolute arrival times are
not required if one microphone is chosen as a reference, for
example, microphone 0 in Figure 6.

The values of the time-difference-of-arrival (TDOA-
values, TDOAs) between microphones 𝑖 and 𝑗𝜏�푖�푗 = 𝑡�푖 − 𝑡�푗 (20)

exhibit an odd symmetry 𝜏�푖�푖 = 0, (21)𝜏�푗�푖 = −𝜏�푖�푗. (22)

The arrangement of these TDOA-values in a matrix with row
index 𝑖 and column index 𝑗 is shown in

( 0 𝜏0,1 𝜏0,2 𝜏0,3
𝜏1,0 0 𝜏1,2 𝜏1,3
𝜏2,0 𝜏2,1 0 𝜏2,3
𝜏3,0 𝜏3,1 𝜏3,2 0 ). (23)

This matrix is called a redundant TDOA matrix because
not all elements are independent of each other. According
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Time-difference-of-arrival ij = ti − tj

Arrival time at sensor i ti
Arrival time at sensor j tj

x

y

1 0 2

3

1,0 2,0

Figure 6: Time-differences-of-arrival 𝜏�푖�푗 as difference between the arrival times 𝑡�푖 and 𝑡�푗 of a spherical wavefront at the sensors 𝑖 and 𝑗.
Examples for 𝑖 = 1, 2 and 𝑗 = 0.
to (21) and (22) the elements on the main diagonal are zero
and the elements in the upper triangle are equal to the lower
triangle up to a sign change. Therefore the elements in the
lower triangle are sufficient to establish the complete matrix.
They are called the full TDOA set. These values are shown in
bold face in (23) while the redundant elements are shown in
normal type.

The mathematical properties of TDOA matrices have
been investigated recently in [27]. It is shown how the
resulting algebraic structures can be exploited for TDOA
denoising and missing data recovery.

4.2. Graph Representation of TDOAs. Further insight can be
gained by a representation of the TDOA-values as weighted
and directed graph (see, e.g., [16]). Such a graph is shown in
Figure 7. The microphones are the nodes (black with white
numbers). The edges represent the time differences between
the microphones with the TDOA-values as weights. The
graph is directed because changing the direction causes a sign
inversion or interchanges the index values in (22).

It is also of interest to investigate the meshes of the graph
from Figure 7. One of these meshes is shown by a blue path.
Following this path shows that the TDOA-values in a mesh
add up to zero−𝜏2,0 + 𝜏2,1 + 𝜏1,0 = − (𝑡2 − 𝑡0) + (𝑡2 − 𝑡1) + (𝑡1 − 𝑡0)= −𝑡2 + 𝑡0 + 𝑡2 − 𝑡1 + 𝑡1 − 𝑡0 = 0

or 𝜏2,1 = 𝜏2,0 − 𝜏1,0. (24)

This fact is known as the cyclic sum property [16]. It is
analogous to the sum of the voltages around a mesh in an
electrical circuit. The same result can also be established for
the other meshes which involve the reference point 0𝜏2,1 = 𝜏2,0 − 𝜏1,0,𝜏3,1 = 𝜏3,0 − 𝜏1,0,𝜏3,2 = 𝜏3,0 − 𝜏2,0. (25)

The cyclic sum condition allows expressing the TDOA-values
between two nonreference microphones (i.e., 𝑖, 𝑗 ̸= 0) by two
TDOAs which both involve the reference microphone.

Thus also the full TDOA set still contains some redun-
dancy and the elements in the first column of the lower
triangle are sufficient.They are called the spherical TDOA set.
However, this statement holds only under ideal conditions,
that is, no noise and known speed of sound.

The spherical set is indicated on Figure 7(b) in bold face
andunderlined (𝜏i,0), while the dependent values on the outer
edges are shown in bold face (𝜏i,j).The corresponding matrix
representation is shown in (26). Again the spherical set is
printed in bold face and underlined (first column of the lower
triangular matrix), while the elements with 𝑖, 𝑗 ̸= 0 are shown
in bold face. The elements which resemble the symmetry
conditions (21) and (22) are shown in normal type:

( 0 𝜏0,1 𝜏0,2 𝜏0,3
𝜏1,0 0 𝜏1,2 𝜏1,3
𝜏2,0 𝜏2,1 0 𝜏2,3
𝜏3,0 𝜏3,1 𝜏3,2 0 ). (26)

So far a minimum set of TDOAs has been identified. It
represents the information on the arrival time of a wave
front which can be retrieved by a sensor array. It is the
basis for many source localization algorithms as outlined in
Section 4.3.

4.3. Methods for TDOA-Based Source Localization. This sec-
tion describes the general procedure of TDOA-based source
localization. It presents only an overview of the main
approach, which is subject to many variations.

The first step is to determine from a set of 𝑁 + 1 micro-
phones a spherical set of TDOAs 𝜏�푖,0 for 𝑖 = 1, . . . , 𝑁. The
microphone 𝑖 = 0 has been chosen as the reference. The 𝑁
TDOAs are all measured with respect to the reference.

Next, the time differences 𝜏�푖,0 are converted into range
differences 𝑑�푖,0 for a fixed and known speed of sound 𝑐𝑑�푖,0 = 𝑐𝜏�푖,0, 𝑖 = 1, . . . , 𝑁. (27)

Figure 8 shows an example for 𝑁 = 3 and 𝑖 = 2. The
unknown source position xmust satisfy𝑑�푖,0 = x − a�푖

 − ‖x‖ , 𝑖 = 1, . . . , 𝑁, (28)
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Figure 7: Graph representation of the interdependence of the TDOAs 𝜏�푖,�푗 for 𝑖, 𝑗 = 0, . . . , 3. Nodes: sensors. Edges: TDOAs. (a) Example for
a mesh involving the reference node 0. (b) TDOAs with respect to the reference node 𝜏�푖,0 for 𝑖 = 0, . . . , 3 in bold face and underlined (i.e.,
spherical TDOA set) and TDOAs between nonreference nodes in bold face.
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Figure 8: Range differences between the absolute distances of the
source to the sensors 𝑖 and 𝑗 (compare Figure 6). Example for 𝑖 = 2
and 𝑗 = 0.
where ‖x‖ denotes the Euclidian distance of the source
position x from the origin. The difference of two distances in
(28) is not very suitable for a solution by methods of linear
algebra. Therefore, it is a common approach (see, e.g., [17,
Chap. 51.3.5]) to rearrange (28) and square the result to arrive
at

a�푇�푖 x + 𝑑�푖,0 ‖x‖ = 12 (a�푖2 − 𝑑2�푖,0) , 𝑖 = 1, . . . , 𝑁, (29)

or in matrix notation

Φy (x) = b, (30)

with the vectors and matrices

Φ = [A d] ,
y (x) = [ x‖x‖] , (31)

A = [[[[[
a�푇1...
a�푇�푁

]]]]] ,
d = [[[[[

𝑑1,0...𝑑�푁,0
]]]]] ,

b = 12 [[[[[
a12 − 𝑑21,0...a�푁2 − 𝑑2�푁,0

]]]]] .
(32)

Equation (30) is a matrix equation which is easy to solve
for the vector of unknowns y(x). However, the presence of
both x and ‖x‖ makes the system of equations nonlinear.
Furthermore, (30) describes an ideal case where all time dif-
ferences and thus the range differences have been determined
without any errors. Actually, the equality in (30) does not hold
exactly due to measurement noise and uncertainties in the
value of the speed of sound.Thus (30) has to be considered as
a nonlinear estimation problem rather than a system of linear
equations.

4.4. Approaches for Solving the Estimation Problem. Recon-
sidering the estimation problem (30) from a slightly different
view point turns the nonlinear estimation problem into a
linear one. Replacing (30) by

Φ [x 𝑟] = b (33)

with the constraint 𝑟 = ‖x‖ (34)

allows solving (33) as a linear problem where the two- or
three-dimensional position vector x and the source distance 𝑟
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are considered as independent variables.This solution can be
improved by exploiting constraint (34).

This very general principle has been turned into practical
estimation algorithms in many different ways; see, for exam-
ple, [28, 29]. However, least squares approaches prevail [30–
33]. They can be grouped into so-called unconstrained and
constrained least squares methods.

4.4.1. Unconstrained Least Squares Method. The family of
unconstrained least squares (ULS) methods solves (33) with
the pseudoinverseΦ† = (Φ�푇Φ)−1Φ�푇 as

ŷ = [x̂𝑟] = Φ†b. (35)

Then x̂ is accepted as the position estimate, while 𝑟 is
disregarded. Thus constraint (34) is neglected for the sake of
simplicity.

In this case it is of advantage to perform the calculation
of x̂ and 𝑟 separately. To this end define the orthogonal
projection matrices

P⊥d = I − 1‖𝑑‖2 dd�푇,
P⊥A = I − A (A�푇A)−1 A�푇. (36)

Then the estimate for the source position x̂ and—if
desired—of the source distance 𝑟 can be obtained with the
pseudoinverses of the orthogonal projection matrices as

x̂ = (P⊥dA)† b,𝑟 = (P⊥Ad)† b. (37)

4.4.2. Constrained Least Squares Method. More accurate
solutions can be obtained by solving (33) in the fashion of (35)
and then by exploiting constraint (34) through minimization
of the residual error

𝜖 (x) = Φ (y (x) − ŷ) . (38)

These approaches are called constrained least squares (CLS)
methods.

Both unconstrained and constrained least squares meth-
ods are well established in acoustic source localization for
the case of known and constant speed of sound. However,
bothmethods are also starting points formore general source
localization algorithms where also the speed of sound is
considered as an additional unknown.

5. Estimation of the Propagation Speed

This section reviews a number of source localizationmethods
where the assumption of a constant and well known prop-
agation speed is dropped. Instead the propagation speed is
considered to be an additional unknown variable which is
included into the estimation process.

5.1. Motivation. There are a number of reasons for extending
the classical source localization methods to the more general
case of variable speed of sound conditions. The most impor-
tant is certainly to make source localization more robust
against variations of the environmental conditions. This
need arises for wireless acoustic sensor networks, since they
provide the technical means for outdoor applications. Daily
temperature variations of the day-night-cycle or seasonal
variations may affect the speed of sound considerably as
discussed in Section 3.

Another point where speed of sound estimates may mat-
ter is the detection of misestimated TDOAs. Time differences
are mainly estimated from correlations between microphone
signals. These correlations appear due to propagation delays
of the same source signal and are related to range differences
according to (27). However, also self-similarity in the source
signal leads to correlations which are unrelated to any
range differences. Estimating the propagation speed for each
candidate TDOA-estimate and comparing it to physically
meaningful values can unveil misestimated TDOAs [34–37].

Another application where highly accurate localization
matters is the calibration of microphone or loudspeaker
arrays [26, 38, 39]. In a similar way, also the localization of
reflecting surfaces, their properties, and thus the determina-
tion of the room geometry depends on correct estimates of
the speed of sound [40–44]. Finally source localization can
be used for the direct estimation of temperature and flow in
air [45, 46] and in other fluids [47, 48].

Most of these methods are extensions of the basic princi-
ple for constant speed of sound discussed in Section 4.

5.2. General Procedure. The general procedure to include
the propagation speed as an additional unknown into the
estimation process is summarized in (39). There are different
ways to reformulate the linear problem (30) as

Φy (x, 𝑐) = b (𝑐) , (39)

where the matrix Φ contains the known sensor positions a�푖
and the measured TDOAs 𝜏�푖�푗.The vector of unknowns y(x, 𝑐)
contains the unknown source position x and the unknown
propagation speed 𝑐.The vectorb(𝑐)may contain one ormore
of the known sensor positions a�푖, the measured TDOAs 𝜏�푖�푗,
and the unknown propagation speed 𝑐. Various approaches
are presented in detail in the following sections.

5.3. Individual Methods

5.3.1. Extension of the Unconstrained LS Method. Various
authors have reconsidered the unconstrained least squares
approach from Section 4.4.1 [49–51]. To this end the square
of (28) is written similar to (29) as

a�푇�푖 x + 𝑑�푖,0 ‖x‖ + 12𝑑2�푖,0 = 12 a�푖2 , 𝑖 = 1, . . . , 𝑁 (40)

and the range differences are replaced by time differences
with (27)

a�푇�푖 x + 𝑐𝜏�푖,0 ‖x‖ + 12𝑐2𝜏2�푖,0 = 12 a�푖2 , 𝑖 = 1, . . . , 𝑁. (41)
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The matrix notation of these𝑁 equations is given by

Φ = [[[[[[[
a�푇1 𝜏1,0 12𝜏21,0... ... ...
a�푇�푁 𝜏�푁,0 12𝜏2�푁,0

]]]]]]] ,
y (x, 𝑐) = [[[[

x𝑐 ‖x‖𝑐2 ]]]] ,
b (𝑐) = 12 [[[[[

a12...a�푁2
]]]]] .

(42)

A comparison with (31) shows that the vector of unknowns
y(x, 𝑐) contains now also the propagation speed 𝑐.

An estimate for the source position x̂ is obtained from the
unconstrained solution

ŷ = [[[
x̂𝑦3𝑦4]]] = Φ†b (𝑐) , (43)

but also the propagation speed can be read from (42) as𝑐 = √𝑦4. Note as a caveat that the matrix Φ is likely to
be ill-conditioned [35, 49, 51, 52]. Moreover, the obtained
speed value tends to be unreliable even if the localization
result is acceptable. Thus this approach is not useful when
propagation speed estimation is the main purpose.

5.3.2. Plane Wave Approximation. The method from
Section 5.3.1 can be simplified and made more robust by a
plane wave approximation of the arriving wavefront [35].
In this case there is no source position but only a direction
to a distant plane wave source. Consequently only the
corresponding unit vector u can be estimated.

From Figure 9 it follows by geometrical reasoning that

a�푇�푖 u = −𝑑�푖,0 = −𝑐𝜏�푖,0 𝑖 = 1, . . . , 𝑁,
a�푇�푖

1𝑐u = −𝜏�푖,0 𝑖 = 1, . . . , 𝑁. (44)

Again a matrix equation can be set up

Φy (u, 𝑐) = b (45)

x

y

u

1 0 2

3

d2,0

Figure 9: Range differences as distances between plane wavefronts
through the sensors 𝑖 and 𝑗 (compare Figure 6).The direction of the
planewavefront is given by its normal vectoru pointing to the source
direction. Example for 𝑖 = 2 and 𝑗 = 0.
with the vectors and matrices

Φ = [[[[[
a�푇1...
a�푇�푁

]]]]] ,
y (u, 𝑐) = 1𝑐u,

b = −[[[[[
𝜏1,0...𝜏�푁,0

]]]]] .
(46)

Similar to Section 5.3.1, the estimated solution ŷ gives esti-
mates of both the unit vector u and the propagation speed 𝑐

ŷ = Φ†b,
û = 1ŷ ŷ,𝑐 = 1ŷ .

(47)

Indeed, this method works well for plane waves, but it gives
erroneous estimates for nearby sources; see [35] for an error
analysis.

5.3.3. Exploit the Constraint of the ULS Method. Another
extension from Section 5.3.1 is to exploit the constraint of
the ULS method [53–55]. In contrast to the CLS method
from Section 4.4.2 the constraint is not used to improve the
position estimate but to estimate the propagation speed.

Here it is of advantage to formulate (35) as

ŷ (𝑐) = [ x̂ (𝑐)𝑟 (𝑐) ] = Φ† (𝑐) b (𝑐) = [[ (P⊥dA)† b (𝑐)(P⊥Ad)† b (𝑐) ]] (48)
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and to introduce the vector of TDOAs 𝜏

𝜏 = [[[[[
𝜏1,0...𝜏�푁,0

]]]]] . (49)

From (27) the following follows for the relation between the
range vector d and the vector of TDOAs 𝜏 and from (36) for
the corresponding projection matrices:

d = 𝑐𝜏,
P⊥d = P⊥

𝜏

(50)

and further from (32) the vector of first-order polynomials in𝑐2
b (𝑐) = 12 [[[[[

a12...a�푁2
]]]]] − 𝑐2 12 [[[[[

𝜏21,0...𝜏2�푁,0
]]]]] . (51)

The estimates for source position x̂(𝑐) and source distance𝑟(𝑐) from (32) can now be formulated in a concise form with
the abbreviations

Γ = P⊥
𝜏
A,

Θ = P⊥A𝜏, (52)

as

x̂ = Γ†b,𝑟 = (P⊥A𝑐𝜏)† b = 1𝑐Θ†b (𝑐) . (53)

In this form it is straightforward to minimize the con-
straint𝛿 (𝑐) = ‖x̂ (𝑐)‖ − 𝑟 (𝑐) = Γ†b (𝑐) − 1𝑐Θ†b (𝑐) (54)

by seeking a physically meaningful value 𝑐 of the speed of
sound such that 𝛿 (𝑐) = 0

or ‖x̂ (𝑐)‖ = 𝑟 (𝑐) . (55)

Squaring both sides and multiplying by 𝑐2 giveΔ (𝑐2) = 𝑐2 ‖x̂ (𝑐)‖2 − (𝑐𝑟 (𝑐))2= 𝑐2 (Γ†b (𝑐))�푇 (Γ†b (𝑐))− (Θ†b (𝑐))�푇 (Θ†b (𝑐)) = 0. (56)

Inserting (51) shows that Δ(𝑐2) is a cubic polynomial in 𝑐2. It
can be solved in closed form by Cardano’s method for values
of 𝑐 which satisfy constraint (54).
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Figure 10: Exploit the constraint of the ULS method by a linear
approximation.

5.3.4. Exploit the Constraint of the ULS Method by a Linear
Approximation. The method just presented in Section 5.3.3
makes no assumptions whatsoever on the unknown propa-
gation speed 𝑐. Actually, in most applications the range of
its probable values is known quite well; see, for example,
Figure 3. This rough knowledge can be exploited by expand-
ing constraint (54) into a Taylor series [44]:𝛿 (𝑐) ≈ 𝛿lin (𝑐) = 𝛿 + 𝛿�耠 (𝑐 − 𝑐) ,𝛿 = 𝛿 (𝑐) ,𝛿�耠 = 𝛿�耠 (𝑐) (57)

around a suitable value 𝑐, for example, 𝑐 = 343m/s at room
temperature. The linear approximation of constraint (57) is
much easier to solve than the third-order polynomial (56) in𝑐2. The linearized constraint (57) becomes zero at𝑐 = 𝛿�耠𝑐 − 𝛿𝛿�耠 , (58)

where the parameters 𝛿 and 𝛿�耠 can be expressed by Γ and Θ
with (54).

The constraint 𝛿(𝑐) from (56) and its linearized version𝛿lin(𝑐) from (57) are compared in Figure 10 for an actual tem-
perature of 33∘C. This temperature is a zero of the constraint𝛿(𝑐). The zero of the linearized constraint 𝛿lin(𝑐) is off by only
0.5 K.

This comparison shows that solving the linearized con-
straint is a good alternative to the solution of the third-order
equation (56) whenever the expected temperature range va-
ries around the room temperature.

5.3.5. Exploit the Full TDOA Set. The method presented in
Section 5.3.4 uses only one reference microphone, that is,
the spherical TDOA set; see Section 4.2. As has been noted
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Table 2: Linear approximation of the constraint for the spherical
and the full TDOA set.

Spherical TDOA set Full TDOA set𝑗 = 0 𝑗 = 0, . . . , 𝑁𝛿0(𝑐) = x̂0(𝑐) − 𝑟0(𝑐) �푁∑
�푗=0

𝛿2�푗 (𝑐) = �푁∑
�푗=0

(x̂�푗 (𝑐) − 𝑟�푗 (𝑐))2𝑐 = 𝛿�耠0𝑐 − 𝛿0𝛿�耠0 𝑐 = (𝛿�耠)†(𝛿�耠𝑐 − 𝛿).
in Section 4.1, the full TDOA set contains information which
is redundant under ideal conditions. However, for unknown
propagation speed, the additional information in the full
TDOA set may contribute to a more robust source localiza-
tion [44].

To this end, constraint (54) is reformulated as constraint𝛿�푗(𝑐) for each reference microphone 𝑗. Calculating the first
terms of the Taylor series (57) for all reference microphones𝑗 = 0, . . . , 𝑁 and arranging them in vector form give

𝛿 = [[[[[
𝛿0 (𝑐)...𝛿�푁 (𝑐)

]]]]] ,
𝛿
�耠 = [[[[[[

𝛿�耠0 (𝑐)...𝛿�耠�푁 (𝑐)
]]]]]] .

(59)

The resulting equations for a least squares’ solution are
compiled in Table 2.The left column corresponds to (57) and
(58) with the single reference microphone 𝑗 = 0. The right
column lists the corresponding relations where all available
TDOAs have been used.

5.3.6. Exploit Multiple Sources. Depending on the method
to determine the arrival times, the full TDOA set may not
always be available. This is the case when the TDOAs are
estimated from measured acoustic room impulse responses.
Nevertheless, the principle introduced in Section 5.3.5 can
still be applied as long as the additional information is
supplied in another way.

One possibility is to estimate the speed of sound not
from one but from multiple different source locations [44].
The TDOA sets for different reference microphones as in
Section 5.3.5 can then be replaced by TDOA sets for different
sources.

To be specific, review the relation for the full TDOA set
from Table 2. The summation runs over multiple reference
microphones 𝑗 = 0, . . . , 𝑁, where x̂�푗(𝑐) and 𝑟�푗(𝑐) represent
different estimates for the distance between a single source

ＧＣＨx J(x, c) ＧＣＨ
c

J(x, c)

Figure 11: Sketch of the bi-iterative procedure for the minimization
of the cost function 𝐽(x, 𝑐) from (63) as proposed in [56].

and the reference microphone 𝑗
�푁∑
�푗=0

𝛿2�푗 (𝑐) = �푁∑
�푗=0

(x̂�푗 (𝑐) − 𝑟�푗 (𝑐))2 . (60)

If, on the other hand, multiple sources 𝑞 = 0, . . . , 𝑄 are
present then the constraint can be formulated as

�푄∑
�푞=0

𝛿2�푞 (𝑐) = �푄∑
�푞=0

(x̂�푞 (𝑐) − 𝑟�푞 (𝑐))2 , (61)

where x̂�푞(𝑐) and 𝑟�푞(𝑐) are different estimates for the distance
between the source 𝑞 and the single reference. Due to the
formal equivalence between (60) and (61) the speed of sound
estimate 𝑐 is calculated similarly to Table 2.

5.3.7. Uncertain Sensor Positions. The possibility of uncertain
sensor position for the unconstrained least squares method
from Section 5.3.1 has been considered in [56]. The vectors
and matrices from (42) have been used in the general form
of the estimation problem (39) which has been augmented by
two noise terms

Φy = b + Δ + n. (62)

Here, Δ denotes sensor position errors and n sensor noise
with an error and noise covariance matrix Σ. Then the cost
function 𝐽 (x, 𝑐) = (Φy − b)�푇 Σ−1 (Φy − b) (63)

is established and minimized by a bi-iterative procedure
shown in Figure 11.

6. Applications

This section presents selected instances of combined position
and speed of sound estimation. The recent literature on dif-
ferent application fields is surveyed for instructive examples.

The most important application field is the improvement
of localization results not only for source bearing or source
position but also for the localization of sensors or reflectors.
Another application of speed of sound estimation is the
disambiguation of TDOAs. Knowledge of the approximate
propagation speed can help to discard peaks in the cross cor-
relation which are not caused by time differences. Finally the
knowledge of the propagation speed or of the air temperature
can be of interest in its own right.

6.1. Improvement of Localization Results. Localization from
TOAs or TDOAs requires converting time differences into
range differences. Thus its accuracy depends on the correct
estimation of the speed of sound as has been demonstrated
by various experiments.
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Figure 12: Collaborative approach for source localization in an asynchronous distributed sensor network with 𝐿 nodes (adapted from [7]).
GCC: generalized cross correlation, TDOA: time-difference-of-arrival, and 𝜏(�푙)�푖,�푗 , 𝑙 = 1, . . . , 𝐿: TDOA-values between microphones 𝑖 and 𝑗 of
node 𝑙.
6.1.1. Source Localization in a Synchronized Array. The esti-
mation of the source bearing in outdoor situations has been
investigated in [57]. To this end, TDOA estimates are carried
out by an expectation maximization algorithm due to the
assumption of a non-Gaussian TDOA error distribution.
Here the value for the speed of sound is calculated from
assumed values of the temperature, wind speed, and wind
direction.

6.1.2. Source Localization in a Distributed Sensor Network. So
far, the problem of localizing acoustic sources by means of
a compact sensor array has been considered. However the
growing availability of devices endowedwithmultiple sensors
and wireless communication capability allows addressing
localization problems by exploiting distributed networks
of multiple compact arrays (known as network nodes). A
common issue in this scenario is the lack of synchronization
between network nodes; as a consequence TDOAs can be
calculated only between sensors of the same node.

Such a problem is typically solved by implementing a
collaborative approach between the unsynchronized arrays
as described, for example, in [7]. A common assumption is
that the propagation speed is a known constant;moreover it is
implicitly assumed that the propagation speed is the same for
each node.Thismeans that at the central node the same speed
value is used to convert the TDOAs into range differences
to be used for source localization regardless of the node of
origin (see Figure 12). This is accomplished by minimization
of a cost function based on a hypercone equation metric [7,
Eq. (12)].

Nonetheless wireless acoustic sensor networks (WASN)
might present at each node a different speed of sound value
due to local temperature variations caused, for example, by
device overheating, proximity to indoor heat sources, and
different outdoor environmental conditions. State-of-the-art
techniques that rely on the conversion of TDOAs into range
differences may easily improve their accuracy and robustness
by estimating at each node the actual propagation speed
from the collected TDOAs. With this approach local speed
of sound variations will be compensated without interfering
with the final localization carried out at the central node as
depicted in Figure 13. To this end, the hypercone equation

metric associated with Figure 12 can be calculated with
improved range differences for each node. In particular, these
range differences for node 𝑙 are calculated from the selected
TDOAs 𝜏(�푙)�푖,�푗 with the node specific speed of sound values 𝑐(�푙).
6.1.3. Improvement of Sensor Localization. A sensor localiza-
tion experiment under unknown speed of sound conditions
has been described in [55]. The unknown positions of four
microphones were estimated from signals in response to six
different source positions. From estimated TOAs the sensor
positions were determined by two different approaches: first
using a constant standard value for the speed of sound at 20∘C
and second using the propagation speed estimate similar to
Section 5.3.1. The actual room temperature varied between25∘C and 27∘C during the course of the measurements. Even
with this small temperature difference of five to seven degrees,
the sensor location estimates turned out to be considerably
more accurate with the second approach.

6.1.4. Improvement of Reflector Localization. The effect of
temperature variations on the localization of reflectors have
been evaluated in [44, 58]. An array of five microphones and
a set of four loudspeakers were used to estimate the acoustic
impulse responses in an almost quadratic enclosure. The
estimation had been based on the multiple source approach
from Section 5.3.6. The positions of the walls were esti-
mated from reflections extracted from the acoustic impulse
responses. Mismatches between the actual and the assumed
room temperature showed up as misestimations of the room
size. An error analysis showed that reflector localization in
larger rooms is more sensitive to temperature variations than
in small rooms.

6.2. TDOA Disambiguation. The determination of TDOAs
from the peaks of cross-correlations is unreliable when the
acoustic sensor signals are collected in adverse environments.
Also self-similarities in source signals lead to peaks which are
not related to source TDOAs. The distinction and exclusion
of peaks caused by reverberation and self-similarity is called
TDOA disambiguation. Its aim is to keep only those peaks
that are related to direct path TDOAs.
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Figure 13: Proposed approach for improved source localization in an asynchronous distributed sensor network (adapted and extended from
[7]). 𝑐(�푙), 𝑙 = 1, . . . , 𝐿: estimated speed of sound value of node 𝑙. See caption of Figure 12 for more abbreviations.

Approaches to TDOA disambiguation are based on the
correlation among the outputs of blind-source-separation
algorithms [59], statistical models of the acoustical propa-
gation delay [60, 61], consistent graph synthesis based on
the zero-cyclic sum condition [16, 37], and speed of sound
estimation [35].

These approaches have different kinds of drawbacks:
statistical models require high computing power, the zero-
cyclic sum condition does not distinguish between direct and
reflected paths, and the method based on speed of sound
estimation [35] is formulated for plane waves only.

However, a two-stage combination has been shown to be
efficient for TDOA disambiguation [62]: at first, consistent
graph synthesis removes all correlations which do not satisfy
the zero-cyclic sum conditions; that is, it keeps only direct
and reflected path TDOAs. Then the speed of sound value
for each path is estimated as described in Section 5.3.1. The
relation between speed of sound and the travelled distance is
used to distinguish between direct and reflected pathTDOAs.
The reflected path TDOAs are removed such that only direct
path TDOAs are left.

6.3. Determination of the Mean Air Temperature. Acoustic
sensor arrays can also be applied to determine the mean
air temperature. The term mean temperature is used in the
same sense as themean propagation speed in Section 3.5; that
is, the mean temperature along the propagation path. This
mean value cannot be obtained by point measurements with
dedicated temperature sensors (thermometers).

A corresponding experiment is described in [44]. An
array of ten acoustic sensors is used for source localization of
an acoustic source which ismoved to 48 equidistant positions
around a circle. The source position does not need to be
calibrated because the focus is not on the source position but
on the speed of sound which minimizes constraint (57). The
corresponding temperature can be inferred from the linear
approximation shown in Figure 10. Exploiting the full TDOA
set as in Section 5.3.5 allows a more robust estimation.

Figure 14 shows the results for two different methods,
the minimization of the linearized constraint for the full
TDOA set from Table 2 and the plane wave approach from
[35]. The experiment has been conducted twice at 22∘C and
at 27∘C. These temperature values had been determined by
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Figure 14: Example for the determination of the mean air tempera-
ture from the constraint of the least squares approach. Red squares:
plane wave approach from [35]. Blue circles: linear approximation
and full TDOA set from Sections 5.3.4 and 5.3.5.

point sensor measurements and do not constitute a ground
truth for the mean temperature along the path. Nevertheless,
under the controlled conditions of a laboratory room, they
can be expected to be a good reference.

The temperature readings of the plane wave approach are
strongly dependent on the source angle with minima at 0∘,90∘, 180∘, and 270∘ andmaxima in between.There is a vertical
distance of about 5K between both curves, but the angular
variation exceeds this distance by far. It is thus not possible to
infer reliable temperature information from the plane wave
approach.

The estimated temperature from the linearized constraint
for the full TDOA set shows a variation of ±1 K around mean
values of about 22∘C and 27∘C. These mean temperatures
are compatible with the point measurements. This example
shows that the mean temperature can indeed be determined
as a by-product of source localization.

6.4. Determination of the Speed of Sound. Similar to TDOA
disambiguation in Section 6.2, the speed of sound is an
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important parameter to distinguish between different prop-
agation media or types of waves in solids. The following
examples are not directly related to wireless acoustic sensor
networks but nevertheless they show how speed of sound
estimates can be exploited to obtain quite diverse information
from time delay measurements.

6.4.1. Biomedical Imaging. Speed of sound estimation for
biomedical ultrasound imaging by synthetic aperture sequen-
tial beamforming is investigated in [63]. In these applications,
the speed of sound depends on the kind of tissue under inves-
tigation and cannot be inferred from simple laws like (5). For
the backscattering geometry of the ultrasound beamformer,
a relation between propagation time and length of the travel
path is established. Its square describes a parabola for the
unknown speed of sound similar to (41). Starting from an
initial guess, the speed of sound estimate is obtained by an
iterative curve fitting procedure.

6.4.2. Building Technology. A method to localize footsteps in
buildings has been developed in [64]. It is based on TOA and
TDOA estimation by wave propagation within the structure
of buildings.The speed of sound in typical building materials
is well known and not subject to large environmental influ-
ences. However, the kind of relevant materials depends on
the unknown location. Therefore a set of physically plausible
propagation speeds is used for classical TDOA-based source
localization and the best fit to an underlyingmodel is selected.

A nondestructive testing method for structural monitor-
ing of buildings is discussed in [27]. It is based on sound
propagation in solids and shall reveal the existence and
location of cracks. Solids support not only longitudinal waves
(like sound waves in air) but also transversal waves. These
different types of wave propagation are distinguished by their
respective propagation speed based on a joint speed and
position estimation from [51].

7. Conclusion

Variations of the speed of sound along the propagation path
from source to receiver may affect source localization results
from microphone recordings. The main causes of variations
in the speed of sound are temperature differences along the
propagation path.This effect is negligible in controlled indoor
environments, in particular when air conditioning is in effect.

Temperature differences are more likely when acoustic
sensor networks are deployed in multizone buildings or in
outdoor environments. Then two possible effects can be
expected: the propagation path might deviate from a straight
line and the relation between time differences and range
differences is unknown.

Theoretical considerations have shown that temperature
variations in natural environments do not cause a tangible
deviation from straight propagation paths. Therefore ray
models for sound propagation are a valid assumption also
under temperature variations.

On the other hand, evenmoderate temperature variations
affect the relation between time and range differences and
thus impair the accuracy of localization results. This effect

can be counteracted by considering the speed of sound as
an additional unknown variable in algorithms for position
estimation. A variety of different approaches have been
presented.

Wireless acoustic sensor networks open up new appli-
cations beyond the familiar indoor speech communication
scenario. Examples are mobile devices for mixed indoor
and outdoor use, outdoor devices which are robust against
day/night or seasonal variations, or speech control for devices
in outdoor or thermally stressed environments. In all these
cases, unknown and variable propagation speed is an issue.

This article has tried to create awareness for this problem
and has collected some possible solutions. However, many
research topics are still open: there are no comprehensive
comparisons of the different estimation methods for variable
speed of sound conditions. For several methods theoretical
bounds on their accuracy have been investigated, but applica-
tion specific experimental validation is missing. Of interest is
also the comparison to related work in underwater acoustics.
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[43] D. Marković, C. Hofmann, F. Antonacci, K. Kowalczyk, A.
Sarti, and W. Kellermann, “Reflection coefficient estimation by
pseudospectrum matching,” in Proceedings of the International
Workshop on Acoustic Signal Enhancement, IWAENC 2012,
Aachen, Germany, September 2012.

[44] P. Annibale, J. Filos, P. A. Naylor, and R. Rabenstein, “TDOA-
based speed of sound estimation for air temperature and room
geometry inference,” IEEE Transactions on Audio, Speech and
Language Processing, vol. 21, no. 2, pp. 234–246, 2013.

[45] G. Drysdale and R. Palmer, “Determining wind velocity and the
speed of sound with redundant transponders for a spread spec-
trum acoustic ranging system,” in Proceedings of the 2002 IEEE
Canadian Conference on Electrical and Computer Engineering,
pp. 369–372, May 2002.

[46] I. Jovanovic, L. Sbaiz, and M. Vetterli, “Acoustic Tomography
Method for Measuring Temperature and Wind Velocity,” in
Proceedings of the 2006 IEEE International Conference on Acous-
tics Speed and Signal Processing, pp. IV-1141–IV-1144, Toulouse,
France.

[47] D. Zou, B. Wu, T. Xiao, and J. Long, “Study on relationship
between soundwave and temperature of fault diagnose of liquid
transmission system,” in Proceedings of the 2009 International
Conference onMeasuring Technology andMechatronics Automa-
tion, ICMTMA 2009, pp. 728–731, April 2009.

[48] K. Huang, C. Huang, Y. Li, and M. Young, “A new method
for temperature measurement in an infant incubator [using
speed of sound],” in Proceedings of the First Joint BMES/EMBS
Conference, vol. 2, p. 897, Atlanta, GA, USA, 1999.

[49] C. W. Reed, R. Hudson, and K. Yao, “Direct joint source
localization and propagation speed estimation,” in Proceedings
of the IEEE International Conference on Acoustics, Speech, and
Signal Processing (ICASSP-99), vol. 3, pp. 1169–1172, IEEE,
Phoenix, Ariz, USA, March 1999.

[50] A. Mahajan and M. Walworth, “3-D position sensing using the
differences in the time-of-flights from a wave source to various
receivers,” IEEE Transactions on Robotics and Automation, vol.
17, no. 1, pp. 91–94, 2001.

[51] J. Zheng, K. W. K. Lui, and H. C. So, “Accurate three-step
algorithm for joint source position and propagation speed esti-
mation,” Signal Processing, vol. 87, no. 12, pp. 3096–3100, 2007.

[52] G. de Sanctis, D. Rovetta, A. Sarti, G. Scarparo, and S. Tubaro,
“Localization of tactile interactions through TDOA analysis:
geometric vs. inversion-based method,” in Proceedings of the
14th European Signal Processing Conference (EUSIPCO ’06),
Florence, Italy, September 2006.

[53] J. C. Chen, K. Yao, T. L. Tung, C. W. Reed, and D. Chen,
“Source localization and tracking of a wideband source using a
randomly distributed beamforming sensor array,” International
Journal of High Performance Computing Applications, vol. 16, no.
3, pp. 259–272, 2002.

[54] A.Oyzerman andA.Amar, “An extended spherical-intersection
method for acoustic sensor network localization with unknown

propagation speed,” in Proceedings of the 2012 IEEE 27th Con-
vention of Electrical and Electronics Engineers in Israel, IEEEI
2012, November 2012.

[55] P. Annibale and R. Rabenstein, “Closed-form estimation of
the speed of propagating waves from time measurements,”
Multidimensional Systems and Signal Processing, vol. 25, no. 2,
pp. 361–378, 2014.

[56] G. Zhu, D. Feng, and Y. Zhou, “Efficient Bi-Iterative Method
for Source Position and Propagation Speed Estimation Using
TDOA Measurements,” International Journal of Distributed
Sensor Networks, vol. 10, no. 12, p. 689871, 2014.

[57] X. Cui, K. Yu, and S. Lu, “Direction Finding for Transient
Acoustic Source Based on Biased TDOA Measurement,” IEEE
Transactions on Instrumentation and Measurement, vol. 65, no.
11, pp. 2442–2453, 2016.

[58] P. Annibale, J. Filos, P. A.Naylor, andR. Rabenstein, “Geometric
inference of the room geometry under temperature variations,”
in Proceedings of the 5th International Symposium on Commu-
nications Control and Signal Processing, ISCCSP 2012, pp. 1–4,
Rome, Italy, May 2012.

[59] A. Lombard, H. Buchner, andW. Kellermann, “Improved wide-
band blind adaptive system identification using decorrelation
filters for the localization ofmultiple speakers,” in Proceedings of
the 2007 IEEE International Symposium on Circuits and Systems,
ISCAS 2007, pp. 2974–2977, New Orleans, La, USA, May 2007.

[60] P. Teng, A. Lombard, and W. Kellermann, “Disambiguation in
multidimensional tracking of multiple acoustic sources using
a gaussian likelihood criterion,” in Proceedings of the 2010
IEEE International Conference on Acoustics, Speech, and Signal
Processing, ICASSP 2010, pp. 145–148, Dallas, TX, USA, March
2010.

[61] F. Nesta andM. Omologo, “Enhanced multidimensional spatial
functions for unambiguous localization of multiple sparse
acoustic sources,” in Proceedings of the 2012 IEEE International
Conference on Acoustics, Speech, and Signal Processing, ICASSP
2012, pp. 213–216, Kyoto, Japan, March 2012.

[62] P. Annibale, R. Rabenstein, M. Kreissig, and B. Yang, “Joint
consistent graph synthesis and speed of sound estimation
for acoustic localization in multi-source reverberant environ-
ments,” in Proceedings of the 8th International Workshop on
Multidimensional Systems (nDS), pp. 1–6, Septemper 2013.

[63] N. Duric, B. Heyde, M. Ma, R. Rohling, and L. Lampe, “Speed
of sound estimation for dual-stage virtual source ultrasound
beamforming using point scatterers,” in Proceedings of the SPIE
Medical Imaging, p. 101390Z, Orlando, Florida, United States.

[64] J. D. Poston, R. M. Buehrer, and P. A. Tarazaga, “Indoor foot-
step localization from structural dynamics instrumentation,”
Mechanical Systems and Signal Processing, vol. 88, pp. 224–239,
2017.



Research Article
Indoor Self-Localization and Orientation Estimation of
Smartphones Using Acoustic Signals

Héctor A. Sánchez-Hevia,1 David Ayllón,1,2 Roberto Gil-Pita,1 andManuel Rosa-Zurera1

1Department of Signal Theory and Communications, University of Alcalá, Alcalá de Henares, Spain
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We propose a new acoustic self-localization and orientation estimation algorithm for smartphones networks composed of
commercial off-the-shelf devices equipped with two microphones and a speaker. Each smartphone acts as an acoustic transceiver,
which emits and receives acoustic signals. Node locations are found by combining estimates of the range and direction of
arrival (DoA) between node pairs using a maximum likelihood (ML) estimator. A tailored optimization algorithm is proposed
to simultaneously solve the DoA uncertainty problem that arises from the use of only 2 microphones per node and obtain the
azimuthal orientation of each node without requiring an electronic compass.

1. Introduction

Locating the nodes in wireless networks is an essential step
for many applications, where the location of the sensors
gives meaning to the collected data. However, accurate
knowledge about the nodes’ locations and orientations is
often not readily available. In indoor scenarios, where classic
positioning systems such as GPS are not viable because of a
lack of coverage or limited precision, it is common to resort
to relative node distance and/or positionmeasurements from
acoustic, infrared, or radio frequency (RF) signals that are
exchanged among devices.Themost commonmeasurements
are time of arrival (ToA), direction of arrival (DoA), or angle
of arrival and received signal strength (RSS) [1]. However, the
use of these measurements is not straightforward because of
the random component introduced by time-varying errors
(e.g., additive noise and interferences) and environment-
dependent errors (wall reflections, furniture obstructions,
etc.). Traditional approaches for node localization rely on
beacon nodes (sometimes called anchor nodes), whose posi-
tion is known a priori to a certain degree. With the beacon
nodes, the locations of the remaining sensors are estimated
using multilateration or multiangulation techniques [2, 3].
However, in ad hoc networks such as an opportunistic

network formed by smartphones, the probability of hav-
ing beacon nodes is low because of their dynamic nature.
Without the beacons, relative locations can be estimated
using an arbitrary coordinate frame of reference, which is
commonly called node self-localization.The relative location
of the nodes provides us with sufficient spatial informa-
tion to implement a wireless microphone array (WMA).
WMAs havemany potential applications in distributed audio
processing, such as speech enhancement [4], blind source
separation and echo cancelation [5], speaker localization and
tracking [6, 7], and voice activity detection [8].

Current-generation smartphones pack sufficient hard-
ware so that a group of devices with the correct software can
be used for many applications such as indoor positioning,
pedestrian tracking, smart cities, teleconferencing, and hear-
ing impaired assistive technology [9]. However, despite their
potential applications, smartphones have several hardware
and software limitations that must be considered such as the
limited number of available specialized sensors, their limited
sampling rate, the lack of optimization of the operative system
for real-time applications, and restricted hardware access.

Typically, the hardware in commercial smartphones is
sufficient for different approaches to node self-localization.
Some examples in the literature are the use of the RSS of RF
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signals [10, 11], a combination of RF and ultrasonic signals [12,
13], and different data fusion schemes [14, 15]. In Höflinger et
al. [16], the authors propose an acoustic-based system using
high-pitch chirps and at least 3 known-location receivers to
achieve a localization error of approximately 30 cm. Node
orientations are commonly obtained using an electronic
compass, which is composed of a magnetometer and an
accelerometer; both sensors are readily available in most
smartphones. Unfortunately, magnetometer measurements
are sensitive to disturbances from electric equipment (and
even large metallic objects) andmust be frequently calibrated
to avoid large errors [17]. Typically, RF-based solutions are
intended for large areas (i.e., an entire building) because they
can cover wider distances at the cost of localization errors
in the range of meters, whereas acoustic-based methods are
used for localization within a room and achieve errors in the
tenths of centimeters.

When the localization procedure is based only on acous-
tic signals, we can discuss array geometry calibration [18].
This field encompasses different scenarios, of which dis-
tributed array configuration calibration is themost relevant for
node localization because its objective is to infer the location
and orientation of distributedmicrophone arrayswith known
local geometry (i.e., nodes with more than 1 microphone)
using DoAmeasurements. A common approach is to assume
a two-dimensional (2D) scenario as seen in Jacob et al. [19],
where 4 arrays with 2 microphones are located to a precision
up to 5 cm, which assumes that the nodes are located along
the walls of a room of known dimensions. Similarly, in
Plinge and Fink [20], 3 arrays with 5 microphones embedded
on a table and synchronized to 22 𝜇s are calibrated with a
precision up to 1.2 cm and 1.3∘ using 300 s of white noise. In
Anwar et al.’s work [21], nodes with 3 microphones and RSS
measurement capabilities are located within an error of 11 cm
and 1.7∘. These proposals have in common the use of ad hoc
hardware and all of them require 3 or more microphones per
node to resolve 360∘ azimuthal orientation.

There are different types of self-localization methods
such as those based on ToA measurements. Usually these
approaches involve a number of acoustic sources and micro-
phones at unknown locations from which the Time of
Flight (ToF) between source-microphone pairs is obtained.
The method described in Crocco et al.’s work [22] reports
localization errors in the centimeter range. It represents an
improvement upon classic methods such as Thrun [23] by
introducing a closed-form solution as the initial state for the
error function minimization.

In this work, we propose an algorithm for node self-
localization and orientation estimation for smartphone net-
works using acoustic signals and assuming that each node is
a state-of-the-art off-the-shelf smartphone with two micro-
phones and a speaker. The algorithm is an extension of the
ideas proposed in Ayllon et al.’s work [24], particularly a
modification of the Maximum Likelihood-based Distributed
Optimization for Node Localization (ML-DONL) algorithm
in the said work.This modification does not require previous
knowledge about node orientations. The main advantage of
our proposal is that we avoid the error introduced by an
uncalibrated compass, which is often in excess of 15∘ [17].
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Figure 1: Configuration of the 𝑗th node.

Both the location and orientation estimates are based on
closed-form expressions; however an optimization algorithm
is used to resolve the DoA uncertainty needed to obtain 360∘
orientation estimates using only 2 microphones per node.
RF signals are required for data exchange in the network,
and the method assumes that the nodes are static during
the localization procedure, which takes a few seconds. The
proposed approach is intended for the localization of acoustic
nodes in a room (there is line of sight between nodes) to
create a WMA.

2. Problem Formulation

Let us consider a fully connected network composed of 𝐽
nodes, where each node contains a microphone array of
known geometry. If we also consider 𝐾 acoustic sources
that are emitted from unknown locations, we can obtain a
series of DoA estimates from each node to each source, so
that the network geometry can be found as a combination
of all estimated angles by solving a minimization problem.
However, DoA-based algorithms can only find the relative
geometry, and additional information is required to scale
it.

In our particular case, each node is a smartphone
equipped with twomicrophones (𝑚1𝑗 and𝑚2𝑗) and a speaker
(𝑠𝑗). Figure 1 represents a typical smartphone configuration
that acts as the 𝑗th node, where 𝑑𝑚𝑗 is the distance between
the microphone pair, 𝑑𝑠𝑗 and 𝛽𝑠𝑗 are the distance and angle
between the center of the array and the speaker, respectively,
and 𝜙𝑗 is the orientation of the node.

Our goal is to find the location and orientation of the𝐽 nodes that form the network. We focus on the 2D case,
where all nodes lie on the 𝑋𝑌 plane, which is the typical
scenario where various smartphones are resting on a table.
A 3D generalization will require more than twomicrophones
per node, which is an uncommon feature in current devices.
Because we use an active approach by having the nodes
as the sound sources, we define a node location as the
location of its speaker. Then, the localization problem is
reduced to the estimation of 2𝐽 speaker coordinates p =(𝑥1, . . . , 𝑥𝐽, 𝑦1, . . . , 𝑦𝐽)𝑇 and 𝐽 orientations (azimuth) 𝜙 =(𝜙1, . . . , 𝜙𝐽) based on the combination of DoA and range
estimates between node pairs.

2.1. DoA and Range Estimation. The proposed localization
algorithm is based on the combination of 𝐽×𝐽DoA (𝛼𝑗𝑘) and
range (𝑟𝑗𝑘) estimates, where each 𝛼𝑗𝑘, 𝑟𝑗𝑘 pair is an estimate
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Figure 2: Illustration of the DoA estimation using a microphone
pair with a source in their far field.

of the relative location of the 𝑘th speaker with respect to the𝑗th node in polar coordinates.
Let us consider the microphones of node 𝑗 as a linear

array, so that if we assume that a source (𝑘th speaker) is
in the far field of the array, a plane wavefront impinges
it with an angle 𝛼𝑗𝑘. The DoA is obtained from the Time
Difference of Arrival (TDoA) between the two sensors (see
Figure 2), which is given by 𝜏𝑗𝑘 = 𝑑𝑚𝑗 cos(𝛼𝑗𝑘)/𝑐, where 𝑑𝑚𝑗
is the intermicrophone distance and 𝑐 is the speed of sound.
Unfortunately, a linear array (1D) in a 2D scenario can only
discern DoAs between −𝜋/2 and 𝜋/2 radians, which leads to
a problem known as DoA uncertainty. Because cos(𝛼𝑗𝑘) =
cos(−𝛼𝑗𝑘), for every 𝜏𝑗𝑘, there are two potential DoAs. Then,
the measurement of the angle between node pairs is biased
by the node orientation and affected by DoA uncertainty and
measurement errors. Thus, we can define the estimated angle
between node pairs (𝛾𝑗𝑘) as

𝛾𝑗𝑘 = 𝑢𝑗𝑘 (𝛼𝑗𝑘 + Δ𝛼𝑗𝑘) + 𝜙𝑗 → 𝛾𝑗𝑘 ≃ 𝑢𝑗𝑘𝛼𝑗𝑘 + 𝜙𝑗, (1)

where 𝑢𝑗𝑘 = {−1, 1} is the DoA uncertainty correction
variable and Δ𝛼𝑗𝑘 is the DoA measurement error. Please
notice that, in Jacob et al.’s work [19], the DoA uncertainty
is not considered as a problem because the 2-microphone
arrays are always located along a wall, which eliminates the
possibility of any sound impinging from the “back” of the
array.

To obtain the DoA (𝛼𝑗𝑘) and range (𝑟𝑗𝑘) estimates
between node pairs, each node emits a reference acoustic
signal, which is received by every node in the network. Let
these reference signals be known and denoted by 𝑠𝑘(𝑡), where𝑘 indicates the emitter node. In this work, we use the General
Cross-Correlation PHAse Transform (GCC-PHAT) to obtain
the DoA estimates because of its robustness to reverberation
[25]. Let 𝑌1𝑗(𝜔) and 𝑌2𝑗(𝜔) be the Fourier transform of the
signals received by themicrophones of node 𝑗 and let 𝑆𝑘(𝜔) be
the Fourier transform of the reference signal emitted by node𝑘. The GCC-PHAT of the microphone signals and reference
signal is given by

𝑅1𝑗𝑘 (𝜏) = 12𝜋 ∫
+∞

−∞

𝑆𝑘 (𝜔) 𝑌1𝑗 (𝜔)∗𝑆𝑗 (𝜔) 𝑌1𝑗 (𝜔)∗ 𝑒
𝑗𝜔𝜏𝑑𝜔,

𝑅2𝑗𝑘 (𝜏) = 12𝜋 ∫
+∞

−∞

𝑆𝑘 (𝜔) 𝑌2𝑗 (𝜔)∗𝑆𝑗 (𝜔) 𝑌2𝑗 (𝜔)∗ 𝑒
𝑗𝜔𝜏𝑑𝜔,

(2)

where𝜔 is the frequency and 𝜏 is the time lag.The time differ-
ence between the two signals corresponds to the point where
the value of the GCC-PHAT function is at its maximum:

𝜏1𝑗𝑘 = argmax (𝑅1𝑗𝑘 (𝜏)) ,
𝜏2𝑗𝑘 = argmax (𝑅2𝑗𝑘 (𝜏)) . (3)

Because we correlate with a known signal, 𝜏1𝑗𝑘 and 𝜏2𝑗𝑘 are
the time of arrival (ToA) of that signal for each microphone.
Then, the TDoA between microphones can be easily com-
puted as the difference between ToAs: 𝜏𝑗𝑘 = 𝜏2𝑗𝑘 − 𝜏1𝑗𝑘, from
which the DoA is directly estimated as

𝛼𝑗𝑘 = cos−1 (𝜏𝑗𝑘 𝑐𝑑𝑚𝑗) . (4)

The range between node pairs is measured using ToF. Assum-
ing that the nodes are synchronized, that is, every node in
the network shares a common timebase and an identical
sampling frequency 𝑓𝑠, the problem of range estimation is
reduced to

𝑟𝑗𝑘 = (𝑡𝑅1𝑗𝑘 + 𝑡𝑅2𝑗𝑘) /2 − 𝑡𝑆𝑘𝑐 𝑓s, (5)

where 𝑡𝑆𝑘 is the time when the 𝑘th node emits its signal
and 𝑡𝑅1𝑗𝑘 and 𝑡𝑅2𝑗𝑘 are the time instants when the 𝑗th node
receives that signal at both of its microphones (ToA). Notice
that because the nodes are equipped with two microphones,
we take the average of the ToAs to obtain the ToA at the
center of the array. The specific methods to obtain internode
synchronization fall outside the scope of this paper, although
there are multiple solutions in the literature, for example, Sur
et al. [26].

3. Proposed Node Localization Method

In this section, we explain how the DoA and range estimates
taken by the nodes are combined in order to obtain their
locations and orientations.

3.1. ML Estimator of Node Locations. Let us consider that
a full set of estimations of the range 𝑟𝑗𝑘 and incidence
angle 𝛾𝑗𝑘 between node pairs is available, and each estimate
has an error with standard deviation 𝜎𝑟(𝑗, 𝑘) and 𝜎𝛾(𝑗, 𝑘),
respectively. The objective is to estimate the position vector
p from themeasurements considering the standard deviation
of the measurements. Each polar measurement (azimuth and
distance pair) is transformed intoCartesian coordinatesd𝑗𝑘 =(V𝑗𝑘, 𝑤𝑗𝑘), where V𝑗𝑘 = 𝑟𝑗𝑘 ⋅ cos(𝛾𝑗𝑘) and 𝑤𝑗𝑘 = 𝑟𝑗𝑘 ⋅ sin(𝛾𝑗𝑘),
with 𝑟𝑗𝑘 ≥ 0 and 𝛾𝑗𝑘 ∈ [−𝜋, 𝜋] for all 𝑗 and 𝑘 from 1 to 𝐽.

Let us also consider the joint probability density function
(PDF) of the measurements in Cartesian coordinates as a



4 Wireless Communications and Mobile Computing

multivariate normal distribution. In Ayllon et al.’s work [24],
the next expression for the PDF is proposed

𝑓𝑗𝑘 (P) = 1
2𝜋 C𝑗𝑘1/2

𝑒(−(1/2)(p𝑗−p𝑘−d𝑗𝑘)C−1𝑗𝑘 (p𝑗−p𝑘−d𝑗𝑘)𝑇), (6)

where C𝑗𝑘 is the covariance matrix of the PDF related to the
measurement vector of the 𝑗th node to the 𝑘th node and p𝑘
is a column vector that contains the coordinates of the latter.
It is possible to obtain the most likely node locations using a
maximum likelihood estimator, where the log-likelihood 𝐿 of
a given geometry is calculated using the following equation:

𝐿 = 𝐽∑
𝑗=1

𝐽∑
𝑘=1
𝑘 ̸=𝑗

log (𝑓𝑗𝑘 (p)) . (7)

Plugging (6) into (7) and simplifying, the next expression is
obtained:

𝐿 = 𝑏 − 12
𝐽∑
𝑗=1

𝐽∑
𝑘=1

(p𝑗 − p𝑘 − d𝑗𝑘)D𝑗𝑘 (p𝑗 − p𝑘 − d𝑗𝑘)𝑇 , (8)

where 𝑏 = − log(2𝜋|C𝑗𝑘|1/2) andD𝑗𝑘 = C−1𝑗𝑘 .
Assuming that all the covariance matrices are equal and

proportional to the identitymatrix, so thatD𝑗𝑘 = 𝜌I, with 𝜌 =0 when 𝑗 = 𝑘, we can obtain the solution using the following
expression:

p𝑘 = ( 12𝐽
𝐽∑
𝑗=1

V𝑘𝑗 − V𝑗𝑘, 12𝐽
𝐽∑
𝑗=1

𝑤𝑘𝑗 − 𝑤𝑗𝑘) . (9)

This is equivalent to assuming that the variables of the PDF
are independent and their standard deviation is constant.This
way, every estimation has the same weight and 𝜌 has no effect
on the localization result (𝜌 = 1). Please refer to Ayllon et al.
[24] for a complete description of the ML location estimator.
In this work, we are using themethod denominated as “Naive
Covariance Matrix Estimation.”

Most of self-localization methods (including Jacob et al.
[19] and Plinge and Fink [20]) use some kind of iterative
optimization algorithm in order to find the node locations.
It is common to minimize a pairwise distance error function
such as

𝜖 = 𝐽∑
𝑗=1

𝐾∑
𝑘=1

(𝑟𝑗𝑘 − p𝑗 − p𝑘
)2 , (10)

where 𝑟𝑗𝑘 is the measured distance (range) between nodes𝑗 and 𝑘 (obtained either directly, i.e., ToF, or indirectly, i.e.,
TDoA triangulation) and |p𝑗 − p𝑘| is the distance between
their estimated locations. However, it is important to note
that our ML estimator is a closed-form method.

3.2. Orientation Estimation. To obtain 𝛾𝑗𝑘 from 𝛼𝑗𝑘, first,
we must know the orientation of the 𝑗th node and solve
the DoA uncertainty as shown in (1). Any error in the
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Figure 3: Angular relations between node pairs.

orientation estimation is directly added to 𝛾𝑗𝑘, which poses a
problem for the estimation of the node locations. Because the
digital compass in smartphones is commonly uncalibrated, it
introduces a large error that frequently outweighs that of the
DoA estimation.Thus, we decided to estimate the orientation
of the nodes using the available information instead of relying
on an imprecise measurement.

Let us consider that the nodes have their sound source at
the center of their microphone array (𝑑𝑠𝑗 = 0) and we know
the value of the true angle between node pairs 𝜑𝑗𝑘 (i.e., the
actual value without any error). In this scenario, we know
that 𝜑𝑗𝑘 − 𝜑𝑘𝑗 = ±𝜋 rad, for 𝑘 ̸= 𝑗. Now, if we introduce the
approximation from (1), substitute𝜑𝑗𝑘 with 𝛾𝑗𝑘, and substitute
the first assumption with 𝑑𝑠𝑗 ≪ 𝑟𝑗𝑘 (i.e., the distance between
the center of the array and the speaker is much smaller than
the distance between the nodes), we arrive to 𝛾𝑗𝑘 − 𝛾𝑘𝑗 ≃ ±𝜋,
from where the following generalization is obtained:

𝑢𝑗𝑘𝛼𝑗𝑘 + 𝜙𝑗 − 𝑢𝑘𝑗𝛼𝑘𝑗 − 𝜙𝑘 ≃ {{{
±𝜋, if 𝑗 ̸= 𝑘
0, if 𝑗 = 𝑘. (11)

Figure 3 shows the angular relations between node pairs.
Notice that when the distance between the nodes is suffi-
ciently large, the error introduced by the speaker not being
located at the array center is negligible.

Defining 𝜇𝑗𝑘 = 𝑢𝑗𝑘𝛼𝑗𝑘 and taking expression (11) into the
complex plane, after exponentiation and some operations, it
becomes

𝑒𝑖(𝜙𝑘−𝜙𝑗) ≃ {{{
𝑒𝑖(𝜇𝑗𝑘−𝜇𝑘𝑗−𝜋), if 𝑗 ̸= 𝑘
1, if 𝑘 = 𝑗. (12)

Now, to estimate the orientations, we can force a relative
orientation reference, where 𝜙1 = 0, arriving to the following
expression:

𝑒−𝑖𝜙𝑗 ≃ {{{
𝑒𝑖(𝜇𝑗1−𝜇1𝑗−𝜋), if 𝑗 ̸= 1
1, if 𝑗 = 1. (13)
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Plugging expression (13) into (12), we obtain the final expres-
sions for the orientation estimation:

𝑒𝑖𝜙𝑘 ≃
{{{{{{{{{{{{{{{

𝑒𝑖(𝜇𝑗𝑘−𝜇𝑘𝑗−𝜇𝑗1+𝜇1𝑗), if 𝑗 ̸= 𝑘, 𝑗 ̸= 1
𝑒𝑖(𝜇1𝑘+𝜇𝑘1−𝜋), if 𝑗 = 1, 𝑘 ̸= 1
𝑒𝑖(𝜇1𝑘+𝜇𝑘1−𝜋), if 𝑗 = 𝑘, 𝑘 ̸= 1
1, if 𝑘 = 1.

(14)

In order to obtain each value of 𝜙𝑘, we have 𝐽 estimates,
the quality of which is directly related to the error in 𝛼𝑗𝑘
and 𝑢𝑗𝑘, and since 𝑢𝑗𝑘 is an unknown and also has to be
estimated, it is the most unreliable. During the optimization
process that will be discussed in the next section, orientation
estimate 𝜙𝑘 is obtained by taking the 70% trimmed mean of
the 𝐽 available estimates, thus making the results more robust
against outliers created by erroneous 𝑢𝑗𝑘 values.

With the orientation of the first node fixed at zero, we
reestablish a relative coordinate system. The points in this
space are translated and rotated; it suffices to know the actual
position and orientation of one of the nodes (i.e., having a
beacon node) to transform the results to a global coordinate
system.

3.3. Uncertainty Solution. At this point, we assume that the
values of 𝑢𝑗𝑘 are known; hence, 𝜙 = [0, 𝜙2, . . . , 𝜙𝐽], and
the estimation of the node locations p depends on a given
DoA uncertainty correction matrix U. However, its actual
value is an unknown, and we must work with the estimate
Û (composed of 𝐽 × 𝐽�̂�𝑗𝑘 values). Because the uncertainty
correction is a binary variable, there are 2𝐽2 possible values
for Û, which makes it unfeasible to test every single value.
Thus, we decided to use a Genetic Algorithm (GA) to find the
solution. It is important to highlight that the main diagonal
of Û is of no interest (the case when 𝑗 = 𝑘) and does not
need to be estimated, which reduces the maximum number
of combinations to 2𝐽(𝐽−1).

We have found a clear relation between the log-likelihood
for a certain Û and the localization error. Thus, we propose
using expression (8) as the fitness function. Figure 4 shows
the relation between the log-likelihood and the pairwise node
distance error for all possible values of Û in a network with𝐽 = 4. Then, the selected fitness metric clearly has a direct
relation with the location error.

To improve the convergency of the optimization algo-
rithm with respect to the total number of performance
evaluations, instead of using a single GA and several runs
(standard scheme), we use an elimination tournament of
small GAs. We start with a set of 64 small GAs (denoted
stage of the tournament) with a population of 𝑁𝑝 = 10 ∗𝐽 individuals and 𝑁𝑔 = 𝐽 generations each. The best
solutions of the first round are then paired, generating a
new population for every two winners, which are set to
compete in the next round. The process is repeated until a
global winner is obtained. For illustrative purposes, Figure 5
shows an example of the elimination tournament used in the
experiments with a total of 𝑁𝑟 = 3 rounds. In our case,
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Figure 4: Relation between the log-likelihood and the pairwise
distance error for all possible values of U with 𝐽 = 4.
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Figure 5: Example of elimination tournament with𝑁𝑟 = 3 rounds,𝑁𝑔 = 8 generations per round, and𝑁𝑝 = 100 individuals per stage
of the tournament.

we used 𝑁𝑟 = 7 rounds, since it empirically gave us good
convergence results.

The GA algorithm is divided into 7 steps:

(1) The algorithm is initialized by creating a population
of 𝑁𝑝 = 10 ∗ 𝐽 individuals. Each individual (Û𝑝)
contains 𝐽(𝐽 − 1) genes corresponding to �̂�𝑗𝑘. On the
first round of the tournament, the genes are randomly
selected; for every subsequent round, they are created
by reproduction and mutation from the previous
stage winners (steps (4) and (5)).

(2) The population is evaluated. For every Û𝑝, node ori-
entations are estimated as described in the previous
section, and then the log-likelihood (fitness function)
is computed with (8).

(3) The individuals are sorted according to their fitness
level in a descending order. The top performing 10%
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is selected to breed a new generation. The remaining90% of the population is discarded.
(4) The population is regenerated via the reproduction

of successful individuals. For every new individual,
two parents are selected at random, each of which
randomly provides half of its genes.

(5) Except for the best performer, the full population is
mutated by selecting 1% of their genes at random and
inverting their value. Since the probability of a change
in 𝑢𝑗𝑘 involving a change in 𝑢𝑘𝑗 is very high, 75% of
the mutations change the sign of both genes. After
mutation takes place, the new generation is complete.

(6) If the iteration counter is lower than 𝑁𝑔 = 𝐽, the
algorithm returns to 2, and the iteration counter is
increased; otherwise, it continues to the last step.

(7) Best Û𝑝 is selected as a candidate and is set to compete
in the next round of the tournament.

After the GA tournament is completed, the best individ-
ual becomes Û and is used to estimate the final node positions
and orientations.

It is important to highlight that while the computational
cost of the optimization algorithm is quite high, the different
small GAs can be divided by the total number of nodes
of the network, since the parallelization of the elimination
tournament is trivial. In a rough approximation, taking the
computation time of the closed-form expressions of the ML
estimator and the orientation estimator as a single operation,
in Big𝑂notation, the parallelized tournament has a complex-
ity 𝑂(𝐽). The tournament is composed of 127 GAs divided
among 𝐽 nodes. In the worst scenario, a node has to take
care of 𝑁ga = ⌈127/𝐽⌉ GAs. Each GA performs 𝐽 iterations
with a population size of 10 ∗ 𝐽, so, in total, each node
needs to compute𝑁𝑜 = ⌈127/𝐽⌉ × 𝐽2 operations. In average,
the computational load of the optimization algorithm (for
one node) is around 1300𝐽 times higher than that of the
estimations using the closed-form expressions. Please notice
that the need for an iterative algorithm is a direct consequence
of the DoA uncertainty. Provided that each node was capable
of resolving 360∘ DoAs (by having 3 or more microphones
arranged in a 2D array), the solution to the problem would
be found directly.

4. Experiments and Results

To evaluate the proposed algorithm, we generated a realistic
database of acoustic signals, which contains 300 different sce-
narios including both reverberation and background noise.
Reverberation was controlled by the absorption coefficient
of the walls. Background noise was added as additive white
noise controlled by the signal-to-noise ratio (SNR). Each
scenario contained 10 randomly located and oriented nodes
and was generated with a random combination of the next
parameters: room dimensions of 6–12m long/wide and 2-3m
high, absorption coefficient of 0.5–1, and SNR of 5–20 dB.
The positions of the nodes were restricted as if they were
on a table of dimensions of 5 × 2m (a medium-sized
conference table) with aminimumdistance between nodes of

0 0.5 1 1.5 2
(Meters)

−1

−0.5

0

0.5

(M
et

er
s)

Figure 6: Localization results (transposed and rotated) for one
example in the database with 𝐽 = 6. The true positions are in black,
and the estimates are in grey.

15 cm.The acoustic signals received by the microphones were
generated using a room impulse response generator, which
was computed using the simple image method described in
Allen and Berkley’s work [27] at a sampling frequency of
44100Hz.

The reference acoustic signal emitted by the nodes is a
band-limited white noise signal (500Hz–16 kHz) of length
of 4096 samples or 9.29ms at 𝑓𝑠 = 44100Hz. Each
device has its unique reference signal, which is known by
every node in the network. The selected frequency range
is related to the frequency response of typical smartphone
speakers, whereas the time duration is a tradeoff between
computational complexity and robustness against the SNR.
Notice that a short time duration has the added benefit of
making the localization process less disturbing to users who
are exposed to the reference signals.

Because achieving tight time synchronization between
smartphones is not trivial, the synchronicity between nodes
was also set at random. All nodes shared an identical
sampling frequency 𝑓𝑠, but their clock starting point was
biased using a uniform distribution to simulate a loose
synchronization between nodes. This clock jitter translates
into a range estimation error in meters. For the experiments,
the standard deviation of the range estimation was fixed at
3 different values, 𝜎𝑟 = 0.1m, 𝜎𝑟 = 0.2m, and 𝜎𝑟 = 0.3m,
depending on the synchronization jitter.

The last consideration is the coordinate system. We have
previously mentioned that the origin of coordinates was set
at the center of mass of the node locations in the localization
process; however, we can assume without loss of generality
that the first node is located at the origin of the coordinates.
Then, the transposed locations were found by subtracting
the coordinates of the first node. Hence, with the condition
set for the orientation estimation, the localization results are
provided in relation to the first node. With a localization
example in Figure 6, we observe that when this reference



Wireless Communications and Mobile Computing 7

Table 1: Localization error (centimeters) for different algorithms and network sizes without prior orientation knowledge. DoA estimates with
uncertainty have a range of 180∘ instead of 360∘.

𝜎𝑟 𝐽 Crocco et al. [22] Jacob et al. [19] Proposed
Without orientations∗ Without uncertainty With uncertainty

Mean Std. Trim Mean Std. Trim Mean Std. Trim

0.1

3 9.6 6.5 8.5 30.3 163.0 11.1 8.3 8.0 7.4
4 12.6 8.7 11.1 18.4 46.3 11.8 8.8 11.5 7.4
5 12.5 8.7 10.8 15.6 16.8 12.1 8.1 8.1 7.2
6 11.3 7.4 9.8 15.0 14.1 12.0 8.0 9.3 6.8
7 10.1 6.7 8.9 14.9 15.4 11.8 8.9 11.7 6.9
8 9.1 5.6 8.1 15.7 20.8 11.6 9.3 14.3 6.7
9 8.7 5.5 7.8 16.4 22.0 11.6 10.0 15.7 6.7
10 8.1 4.1 7.3 16.1 22.5 11.2 10.9 16.6 6.9

0.2

3 17.5 10.6 15.9 31.5 145.2 12.9 11.6 8.8 10.5
4 21.7 12.2 19.7 19.8 46.3 13.2 11.7 11.1 10.4
5 23.2 13.0 20.8 16.4 16.8 12.8 10.9 7.9 10.0
6 22.2 12.1 20.1 15.5 14.2 12.8 10.7 9.4 9.5
7 20.9 11.9 18.7 15.6 15.5 12.5 11.4 11.6 9.4
8 20.8 12.5 18.2 16.3 20.4 12.0 11.4 14.2 8.9
9 19.3 11.5 17.1 17.0 20.9 12.2 11.7 15.6 8.9
10 18.3 11.3 16.0 16.8 22.5 11.7 12.9 16.8 8.9

0.3

3 22.9 13.2 21.1 34.7 167.8 15.8 15.4 9.9 14.0
4 28.7 15.0 26.5 21.8 52.9 14.5 14.8 9.8 13.6
5 30.9 15.4 28.9 18.1 17.4 14.1 14.0 8.4 13.0
6 31.6 16.1 29.1 16.7 15.4 13.5 13.6 8.8 12.3
7 32.5 17.4 29.5 17.1 17.4 13.2 14.1 11.1 12.2
8 32.7 17.3 30.0 17.1 19.6 12.7 14.0 13.8 11.6
9 29.6 14.6 27.1 17.6 20.1 12.8 13.8 14.8 11.1
10 30.6 17.2 27.4 17.5 21.4 12.5 15.0 15.8 11.3

∗Node orientations are not considered.

system is used, the estimated and true locations of the first
node are identical.

In order to set a comparison with the proposed method,
we have implemented 2 of the methods available in the
literature, namely, Jacob et al. [19] and Crocco et al. [22].

The method presented in Jacob et al.’s work [19] is based
on angle measurements alone. In order to adapt it for the use
of range measurements, the solution is scaled to minimize
the difference with the measured range values as described in
Schmalenstroeer et al.’s work [28]. It is important to highlight
that this method only works without DOA uncertainty (3 or
more microphones per node) and so, in order to obtain the
results, we assumed that the nodes were capable ofmeasuring
360∘ DoAs using only 2 microphones, which is physically
impossible.

The method described in Crocco et al.’s work [22] only
uses range measurements, since it is intended for nodes with
a singlemicrophone.Thismethod is not capable of discerning
between reflected solutions and so, in order to obtain the
results, we considered all the possible reflections. Notice that
we obtain the range estimates by averaging the ToAs at both
microphones; thus this method is not capable of obtaining
orientation estimations. In case the ToAs were obtained at
each microphone, it should be possible to also estimate the

orientations by adding some constraints (known distance
between samenodemicrophones), although in [22] this is not
considered.

4.1. Result Discussion. Table 1 shows the mean, the standard
deviation (Std.), and the 25% trimmed mean (trim) of the
localization error obtained with the proposed algorithm and
those obtained with Jacob et al. [19] and Crocco et al. [22],
all of them working without previous knowledge about the
node orientations. Please notice that Crocco et al. [22] do
not consider node orientations and that Jacob et al. [19] use
DoA estimates covering 360∘, while the presented method is
based on 180∘DoAestimates. Of thesemethods, the proposed
method obtains the best overall results except for 𝜎𝑟 = 0.1,
where Crocco et al.’s method [22] is better for large network
sizes (𝐽 ≥ 8) due to convergence problems on the DoA
uncertainty estimation. This effect can be noticed by looking
at the trim and Std. for the proposed method. It is possible to
see that while the trimmed mean follows a descending trend
when the network size is enlarged, the Std. grows larger.

Crocco et al.’s [22] performance is affected by the
range estimate error derived from the synchronization lag.
The sensibility of this method to range estimation errors
clearly shows that when comparing the results obtained with
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Table 2: Localization error (centimeters) for ML-DONL algorithm for different network sizes and orientation error. Node orientations are
obtained with an electronic compass.

𝜎𝑟 𝐽 ML-DONL (𝜎𝜙 = 0∘) ML-DONL (𝜎𝜙 = 15∘)
Known orientations Known orientations

Mean Std. Trim Mean Std. Trim

0.1

3 7.0 6.9 6.4 24.5 18.8 21.1
4 7.5 10.5 6.4 29.3 21.4 25.6
5 7.1 8.4 6.2 33.0 22.4 29.1
6 6.8 6.6 6.0 34.0 22.1 30.3
7 7.0 7.4 5.9 35.8 23.3 31.7
8 7.5 10.1 5.8 37.3 23.3 33.3
9 7.5 11.5 5.6 38.1 23.9 34.0
10 7.5 11.3 5.5 38.7 24.3 34.5

0.2

3 10.4 8.1 9.4 25.9 17.6 22.8
4 10.5 10.5 9.5 30.2 20.5 26.7
5 10.1 8.4 9.1 34.0 22.1 30.0
6 9.6 6.6 8.7 34.9 21.7 31.2
7 9.6 7.2 8.6 36.5 22.8 32.4
8 9.8 10.0 8.1 37.8 23.1 33.9
9 9.9 11.2 8.0 38.7 23.7 34.6
10 9.5 11.2 7.7 39.1 23.9 34.9

0.3

3 14.1 8.5 13.0 28.3 17.3 25.5
4 14.1 11.5 12.8 32.3 20.4 28.9
5 13.3 8.9 12.3 35.8 21.5 32.1
6 12.6 6.8 11.7 36.5 21.6 32.9
7 12.5 7.3 11.4 37.8 22.7 33.7
8 12.5 10.1 10.8 38.9 22.9 35.0
9 12.2 11.2 10.4 39.7 23.3 35.6
10 11.9 11.1 10.1 40.1 23.6 36.1

increasing 𝜎𝑟 values, Jacob et al.’s method [19] is less affected
by the range error, since the geometry is found using the
DoAs and the range is only employed to scale the solution.
It is worthwhile to highlight again that Jacob et al.’s method
[19] is not capable of solving the DoA uncertainty problem.
It is not possible to use this method with only 2 microphones
per node.

Table 2 shows the mean, Std., and trim of the localization
error obtained with the ML-DONL algorithm presented in
Ayllon et al.’s work [24] with known orientations (assumed to
be obtained with an electronic compass), with and without
orientation measurement error. Comparing this table with
the previous one, we observe that the error obtained with
the presented method using orientation estimates is between
those obtained using measured orientations: it is larger than
that of the ideal case but much smaller than when the typical
error of an uncalibrated compass is introduced.

Table 3 shows the mean, Std., and trim of the orientation
estimation error obtained with the proposed algorithm and
those obtained by Jacob et al. [19]. The proposed method
gets larger errors compared to Jacob et al.’s method [19],
although it is worth recalling that the latter does not have to
deal with DoA uncertainty. From the table, we can observe
that orientation estimation is independent from 𝜎𝑟, since

it only uses DoA measurements. With both methods, the
orientation estimation error is lower than that of a typical
digital compass, rendering them useless for this particular
application. Figure 7 shows a box plot of the results obtained
for all the tested algorithms with 𝜎𝑟 = 0.2, from which it is
easier to see how the different algorithms perform.

A deeper analysis of the ML location estimation has
revealed that large localization errors are associated with
large DoA estimation errors, that is, those instances when
the largest peak of the correlation corresponds to a reflection
instead of the direct signal. Some proposals in the literature
use outlier detection techniques to reduce the effect of
spuriousmeasurements. Jacob et al. [19] used random sample
consensus (RANSAC) for the minimization algorithm (not
implemented in our version); in Plinge and Fink’s work
[20], outliers were detected by applying a threshold to
the estimation error. Our current implementation does not
contemplate outlier detection; therefore, the obtained errors
have large variances.

Regarding the number of nodes, localization accuracy
usually increases with larger networks.This result is expected
because there is more information available; thus, it is easier
to compensate for large local estimation errors (either DoA
or range) in one or several nodes. However, due to DoA
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Table 3: Orientation estimation error (degrees) for different algorithms and network sizes. DoA estimates with uncertainty have a range of
180∘ instead of 360∘.

𝜎𝑟 𝐽 Jacob et al. [19] Proposed
Without uncertainty With uncertainty

Mean Std. Trim Mean Std. Trim

0.1

3 2.9∘ 9.2∘ 1.4∘ 4.6∘ 11.2∘ 2.0∘

4 2.0∘ 5.4∘ 1.3∘ 2.6∘ 7.0∘ 1.7∘

5 1.8∘ 3.6∘ 1.3∘ 2.2∘ 6.2∘ 1.5∘

6 1.8∘ 3.8∘ 1.2∘ 2.2∘ 6.3∘ 1.3∘

7 2.1∘ 5.3∘ 1.2∘ 2.9∘ 8.6∘ 1.3∘

8 2.4∘ 6.8∘ 1.2∘ 3.0∘ 8.6∘ 1.2∘

9 2.5∘ 6.8∘ 1.1∘ 4.2∘ 12.3∘ 1.2∘

10 2.3∘ 6.3∘ 1.1∘ 6.0∘ 13.4∘ 1.6∘

0.2

3 3.3∘ 11.3∘ 1.4∘ 4.9∘ 11.5∘ 2.1∘

4 2.1∘ 5.3∘ 1.4∘ 2.7∘ 6.9∘ 1.7∘

5 2.2∘ 7.8∘ 1.3∘ 2.1∘ 5.3∘ 1.5∘

6 1.8∘ 3.9∘ 1.2∘ 2.2∘ 6.2∘ 1.3∘

7 2.1∘ 5.3∘ 1.2∘ 2.9∘ 9.0∘ 1.3∘

8 2.4∘ 6.4∘ 1.2∘ 2.6∘ 7.7∘ 1.2∘

9 2.3∘ 6.6∘ 1.1∘ 3.7∘ 10.6∘ 1.2∘

10 2.3∘ 6.3∘ 1.1∘ 6.2∘ 14.0∘ 1.5∘

0.3

3 2.9∘ 10.2∘ 1.4∘ 4.6∘ 11.0∘ 2.1∘

4 2.1∘ 6.1∘ 1.4∘ 2.8∘ 6.7∘ 1.7∘

5 1.8∘ 3.6∘ 1.3∘ 2.3∘ 5.8∘ 1.5∘

6 1.8∘ 4.1∘ 1.2∘ 2.3∘ 6.6∘ 1.4∘

7 2.3∘ 6.4∘ 1.2∘ 2.8∘ 8.1∘ 1.4∘

8 2.3∘ 6.2∘ 1.2∘ 2.7∘ 7.9∘ 1.3∘

9 2.2∘ 5.8∘ 1.1∘ 3.6∘ 10.3∘ 1.2∘

10 2.3∘ 6.4∘ 1.1∘ 5.6∘ 12.6∘ 1.5∘
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Figure 7: Box plot of the localization results for the tested algo-
rithms with different number of nodes and 𝜎𝑟 = 0.2.

uncertainty, the proposed method has some convergence
problems with large networks that need to be addressed.

To the best of our knowledge, our proposal is (together
with our previous work in Ayllon et al. [24]) the only method
capable of 2D DoA-based distributed array configuration
calibration using nodes equipped with only 2 microphones.

5. Conclusions

In this paper, we have presented a new self-localization
algorithm for wireless smartphone networks composed of
commercial off-the-shelf devices that are equipped with two
microphones and a speaker. The entire localization process
is based on DoA and range estimates between node pairs
obtained with acoustic signals. The main novelty of this
work is a modification of the previously presented ML-
DONL algorithm, which enables us to locate the nodes even
without prior knowledge about their orientation. Thus, we
eliminate the requirement for an electronic compass. The
nodes are located by finding the position of their speaker
and estimating their orientation while solving the DoA
uncertainty problem, which arises from the use of only 2
microphones per node. The obtained localization error is
lower than that obtained when an uncalibrated electronic
compass is used, which is the most common scenario for off-
the-shelf smartphones. In summary, the proposed algorithm
improves the localization accuracy of other methods that
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require reference nodes or additional sensors, and it is on the
same scale as other DoA-based algorithms without requiring
ad hoc hardware. In addition, the computational cost of
the algorithm is assumable for current mobile processors.
However, the solution of the DoA uncertainty with a GA
tournament adds a significative computational load, making
it worthy to explore more efficient solutions. Future work
will address spurious measurements using outlier detection
techniques and will study different approaches to the DoA
uncertainty estimation because they are the main sources of
error.
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Speech enhancement in wireless acoustic sensor networks requires the exchange of audio signals. Since the wireless communication
often dominates the nodes’ energy budget, techniques for data exchange reduction are crucial. Adaptive quantization aims to
optimize the bit depth of each exchanged signal according to its contribution to the speech enhancement performance.This enables
the network to scale its energy and communication bandwidth requirements according to the current operating environment.
The impact metric was previously proposed to predict the effect of quantization in linear minimum mean squared error (MMSE)
estimation. We provide new insights into greedy adaptive quantization based on this impact metric. We achieve this by expanding
the mathematical framework to include a new metric based on the gradient of the MMSE as a function of the quantization noise
power. Using these tools, we show how the MMSE gradient naturally leads to a greedy algorithm and how the impact metric
is a generalization of the gradient metric and a previously proposed metric. Besides, we validate the impact metric for adaptive
quantization both in a simulated and in a real wireless acoustic sensor network deployed in a home environment, showing the
energy savings achievable through greedy adaptive quantization.

1. Introduction

A wireless acoustic sensor network (WASN) is a collection of
battery-powered sensor nodes where each node is equipped
with a microphone or microphone array, a processing unit,
and a wireless communicationmodule [1].The nodes are dis-
tributed over an area of interest with the goal of performing
a signal processing task such as noise reduction or acoustic
localization. The main advantage of a WASN over a single
stand-alonemicrophone array is its extended coverage, which
is made possible by placing many microphones over the area
of interest.This typically translates into a better performance,
as microphone array algorithms benefit from enhanced spa-
tial diversity. Furthermore, the deployment of a WASN often
yields a higher probability to have microphones close to a
sound source, which is advantageous since these micro-
phones will record signals with high signal-to-noise ratio
(SNR).

Nevertheless, WASNs pose several technical challenges
that are not present in stand-alone microphone arrays, such
as internode synchronization, delay management, commu-
nication bandwidth usage, and energy efficiency. The latter,
energy efficiency, is crucial to allow the network to perform
its task for a reasonable period of time, since nodes aremostly
powered by batteries and hence have a tight energy budget.
A significant effort has been made to classify the different
approaches to improve energy efficiency in wireless sensor
networks (WSNs), as the optimal techniques depend on the
intended WSN application. A comprehensive taxonomy of
these approaches can be found in [2], and a more recent
survey in [3] also considers the importance of the different
techniques for specific classes of applications of WSNs.

In this paper we focus on a speech enhancement appli-
cation for a WASN, where the goal is to estimate a desired
speech signal while suppressing interfering sound sources
and noise. In particular we focus on the multichannel
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Wiener filter (MWF) [4–6], which is a multimicrophone
noise reduction algorithm that produces a linear minimum
mean squared error (MMSE) estimate of the desired speech
component in the signal captured by one of themicrophones.
The algorithm does not rely on a priori knowledge of the
microphone or sound source locations, which makes it suit-
able for a WASN since nodes are usually randomly deployed
andmay even be mobile (e.g., if a node is carried by a person,
such as a mobile phone or a hearing aid).

1.1. Sensor Subset Selection. A substantial part of previous
research on energy efficiency in WSNs has been focused on
the sensor subset selection problem, which is aimed at using
only the signals from those sensors (microphones, in the
case of WASNs) that provide a significant contribution to the
signal processing task at hand, while putting other sensors
to sleep. This saves energy by avoiding the transmission
of signals from sensors with low relevance and allows the
communication bandwidth resources to be allocated to the
transmission of the signals from the most useful sensors.
The sensor subset selection problem is combinatorial and
thus difficult to solve in general. Due to its importance,
it has been the focus of extensive research, and several
techniques have been proposed to tackle it. For an overview
of these techniques, the reader is directed to [7]. Recent work
on sensor selection can be found in [8, 9] and references
therein. In [8] the authors investigate the sensor selection
problem for parameter estimation in aWSNwhere the sensor
measurements follow a nonlinear model, assuming that the
measurements are independent random variables. The prob-
lem is formulated as a nonconvex optimization problem and
solved through convex relaxation. In [9] the authors develop
a more general framework where they consider correlated
measurement noise and propose a greedy algorithm to solve
the sensor selection problem based on the Fisher information
matrix.

A different approach has been proposed to solve the sen-
sor selection problem for signal estimation based on a greedy
algorithm using the utility metric [10, 11]. The utility of a sen-
sor signal is defined as the change in estimation performance
when the sensor is removed from the estimation process and
the corresponding estimator is subsequently reoptimized.
Themotivation is that the utility can be computed and tracked
at a very low computational cost, which combined with the
greedy approach allows performing sensor subset selection
swiftly and at low complexity, even though the solution will
generally be suboptimal. Besides, the algorithm is fully data-
driven and does not require any prior knowledge of the
underlyingmeasurementmodel, such as themicrophone and
source positions or the acoustic transfer functions, which
indeed is generally not available in WASN applications. This
priority on speed and low complexity is crucial for adaptive
signal estimation, since the network needs to rapidly react to
the changing signal conditions (e.g., sound sources moving
in the case of a WASN) and has to avoid investing too much
energy from the already limited budget of the nodes. This
approach has been specifically applied to WASNs [12], and
it has been extended to a distributed implementation of the
MWF [13].

1.2. Adaptive Quantization. While sensor subset selection
does indeed help to save energy and communication band-
width, it forces the nodes into a binary behaviour; that is, they
either transmit their signals at full resolution or they are put to
sleep. One technique to provide a more flexible scaling of the
estimation performance and the energy consumption of the
network is adaptive quantization, where each sensor signal
is assigned a variable bit depth to encode its signal samples
according to its contribution to the estimation performance.
By using this technique, nodes are able to spend more or
less energy on data transmission according to the estimation
performance required. From the point of view of information
theory, this problem can be tackled using source coding
techniques. A comprehensive overview of source coding for
WASNs can be found in [14, 15], where the focus is directed
towards theoretical results based on rate-distortion theory.

In [16], a pragmatic approach is taken, in which a
generalized version of the utility metric referred to as the
impact metric is introduced to predict the MMSE increase
in the estimation due to the quantization noise. This allows
modeling the effect of the quantization noise resulting from
changing the bit depth of each sensor signal’s samples on the
estimation performance. The impact metric can be used by a
heuristic algorithm to gradually decrease the bit depth in each
sensor signal until a target MMSE (or corresponding SNR) is
met.

1.3. Contributions and Outline of the Paper. The goal of this
paper is twofold. Our first goal is to provide some new
insights on greedy adaptive quantization based on the impact
metric from [16]. To this end, we expand the mathematical
framework for adaptive quantization in linearMMSE estima-
tion and we apply it in aWASN with a centralized processing
architecture. We consider the MMSE as a function of the
quantization noise power in each sensor signal, and based
on this we define a new metric for adaptive quantization
based on the gradient of theMMSE.Wedemonstrate how this
MMSE gradient naturally gives rise to a greedy algorithm.We
then show how the impact metric is in fact a generalization
of this gradient metric, which then also motivates the use
of a greedy algorithm using the impact metric. Besides, we
explain how the utility metric for sensor subset selection
[10, 11] can be viewed as another limit case of the impact
metric. Finally, we discuss the theoretical advantages and
disadvantages of each metric and propose a correction to
improve the gradient metric.

The second goal of the paper is to validate the impact
metric for adaptive quantization in a speech enhancement
task in a simulated as well as in a real life WASN in a home
environment. We compare the behaviour of the four metrics
and show the superiority of the impact and the corrected
gradient metrics over the gradient and utility metrics due
to their inherent adaptation to the significance of each
quantization bit. To conclude, we provide an estimation of
the savings in transmission energy achievable through the use
of the greedy adaptive quantization algorithm based on the
aforementioned metrics.

The paper is structured as follows. In Section 2, we
formulate the problem statement and signalmodel, we briefly
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review the multichannel Wiener filter for speech enhance-
ment, and we introduce the quantization error model that is
used throughout the paper. In Section 3 we model the effect
of quantization noise in linear MMSE estimation and show
how adaptive quantization can be performed based on four
metrics derived from this model (utility, impact, gradient,
and corrected gradient). In Section 4 we show experimental
results of adaptive quantization for speech enhancement
performed on real recordings from a WASN. Finally, we
present the conclusions in Section 5.

2. Problem Statement

Weconsider aWASNcomposed of several nodes, each having
one or more microphones, with 𝐾microphones in total. The
signal samples of the 𝑘th microphone signal are encoded,
upon acquisition by the analog-to-digital converter, with a
certain bit depth dictated by the hardware in use.We consider
a centralized scheme for the network, where each node trans-
mits its microphone signals to a fusion centre, which could
be one of the nodes in the WASN or an external node with
access tomore computational power or energy resources.The
fusion centre’s task is to obtain an estimate of the desired
speech component present in one of the microphone signals,
which will be referred to as the reference microphone signal
(the reference microphone does not necessarily belong to the
fusion centre; the microphone of any node can be selected
to be the reference). This speech enhancement task is solved
in the fusion centre through the use of a multichannel
Wiener filter [4–6], which produces a linear MMSE estimate
of the desired speech signal component in the reference
microphone signal. We will give a brief review of the MWF
in Section 2.2.

Our main focus will be the problem of reducing the bit
depth of each individual microphone signal in the WASN
according to its contribution to the speech enhancement
performance. The bit depth reduction leads to a reduc-
tion in the required communication bandwidth and in the
node’s required energy budget for wireless transmission, but
it will also have an impact on the speech enhancement
performance. Besides, the contribution of each node to
the enhancement performance is subject to changes in the
acoustic scenario, so we will focus on strategies with low
computational complexity that allow the fusion centre to per-
form a quick decision on the desired bit depth assignment for
each individual microphone. This enables each node at run-
time to scale down the energy spent in wireless transmission
according to the current operating environment.

An illustration of the problem is given in Figure 1, where a
small network with two nodes and a fusion centre is depicted.
Thenodes quantize the signals of each individualmicrophone𝑘 with the corresponding bit depth 𝑏𝑘 before transmission.
The fusion centre performs the speech enhancement task
using the transmitted quantized microphone signals (dotted
lines) and takes a decision on the optimal bit depth for each
communicated microphone signal (dashed lines).

In the remaining part of this section we introduce
formally the signalmodel for theWASN,we briefly review the
multichannel Wiener filter for speech enhancement, and we

Q() Q()

Node 1 Node 2

b1 b2 Q() Q()b3 b4

Fusion
centre

Figure 1: Example of a small WASN with adaptive quantization.

explain the quantization error model we will use throughout
the rest of the paper.

2.1. Signal Model. We denote the set of microphones byK ={1, . . . , 𝐾}. The signal 𝑦𝑘 captured by the 𝑘th microphone
can be described in the short-time Fourier transform domain
(STFT) as

𝑦𝑘 (𝑡, 𝜔) = 𝑥𝑘 (𝑡, 𝜔) + V𝑘 (𝑡, 𝜔) , 𝑘 ∈ K, (1)

where 𝑡 is the frame index, 𝜔 represents frequency, 𝑥𝑘(𝑡, 𝜔)
is the desired speech signal component, and V𝑘(𝑡, 𝜔) is the
undesired noise signal component. We assume that 𝑥𝑘(𝑡, 𝜔)
and V𝑘(𝑡, 𝜔) are uncorrelated. We note here that V𝑘(𝑡, 𝜔)
contains all undesired sound signals, which may include
speech from undesired speakers besides acoustic noise. For
the sake of simplicity, we will omit the indices 𝑡 and 𝜔
throughout the rest of the paper, keeping in mind that all
operations take place in the STFT domain unless explicitly
stated otherwise.

The fusion centre stacks all signals in the 𝐾 × 1 vector
y = [𝑦1, 𝑦2, . . . , 𝑦𝐾]𝑇 . (2)

The vectors x and k are defined in a similar manner, so the
relationship y = x + k is satisfied.

2.2. Multichannel Wiener Filter. In speech enhancement, the
goal is to obtain an estimate of the speech component𝑥ref present in the microphone signal 𝑦ref selected as the
reference. We will focus on the multichannel Wiener filter to
perform the speech enhancement task, and we will provide
a brief summary in this section. For more information the
reader is directed to [4–6].

The multichannel Wiener filter is the linear estimator ŵ
that minimizes the mean squared error (MSE)

𝐽 (w) = 𝐸 {𝑥ref − w𝐻y2} , (3)

where 𝐸{⋅} is the expectation operator and the superscript 𝐻
denotes conjugate transpose. When the microphone signal
correlation matrix R𝑦𝑦 = 𝐸{yy𝐻} is full rank (in practice,
this assumption is usually satisfied because of the presence
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of a noise signal component in each microphone signal that
is independent of other microphone signals, such as thermal
noise. If this is not the case, matrix pseudoinverses have
to be used instead of matrix inverses), the solution to the
minimization problem is given by

ŵ = R−1𝑦𝑦r𝑦𝑥ref , (4)

where r𝑦𝑥ref = 𝐸{y𝑥∗ref } and the superscript∗ denotes complex
conjugation. Since we assume that x and k are uncorrelated,
r𝑦𝑥ref is given by r𝑦𝑥ref = R𝑥𝑥cref , where R𝑥𝑥 = 𝐸{xx𝐻} is the
desired speech correlation matrix and cref is the𝐾 × 1 vector
c1 = [0, 0, . . . , 1, . . . , 0]𝑇, where the entry corresponding to
the reference microphone signal is equal to one.

The matrix R𝑦𝑦 can be estimated by temporal averaging,
for instance, using a forgetting factor or a sliding window.
Temporal averaging is not possible for R𝑥𝑥 since the desired
speech signal components x are not observable. In practice,
the noise correlation matrix RVV = 𝐸{kk𝐻} can be estimated
during periods when the desired speech source is not active,
as indicated by a voice activity detection (VAD) module.
Since we assume that x and k are uncorrelated, it is then
possible to use the relationship R𝑥𝑥 = R𝑦𝑦 − RVV to obtain an
estimate of R𝑥𝑥. However, this is prone to robustness issues,
created by oversubstraction, leading to the estimated desired
speech correlation matrix not being positive semidefinite.
These issues arise often in high frequencies, where the desired
speech component may have very low power. To improve
robustness in low SNR and nonstationary conditions, an
implementation based on the generalized eigenvalue decom-
position (GEVD) can be employed [17, 18].

The minimum mean squared error (MMSE) can be
obtained by plugging (4) into (3) to obtain

𝐽 (ŵ) = 𝑃ref − r𝐻𝑦𝑥refR
−1
𝑦𝑦r𝑦𝑥ref = 𝑃ref − r𝐻𝑦𝑥ref ŵ, (5)

where 𝑃ref = 𝐸{|𝑥ref |2} is the power of the desired speech
signal.

2.3. Quantization Error Model. We will consider uniform
quantization of the time domain samples of eachmicrophone
signal 𝑦𝑘(𝑡), prior to the transformation to the STFT domain.
In practice, this means that the nodes transmit their time
domain samples and the STFT is performed in the fusion
centre. We discuss the possibility of quantizing the STFT
coefficients directly prior to transmission in Section 3.4. This
configuration would require each node to perform the STFT
over its own microphone signals and transmit the frequency
domain coefficients to the fusion centre.

The quantization of a real number 𝑑 ∈ [−𝐷/2,𝐷/2] with𝑏 bits can be expressed as

𝑄 (𝑑) = Δ 𝑏 (⌊ 𝑑
Δ 𝑏 ⌋ + 1

2) , (6)

where

Δ 𝑏 = 𝐷
2𝑏 . (7)

In practice, the parameter𝐷 is given by the dynamic range of
the analog-to-digital converter of the corresponding micro-
phone. The quantization error, or noise, is then defined as

𝑒𝑏 = 𝑄 (𝑑) − 𝑑. (8)

The mathematical properties of the quantization noise 𝑒𝑏
have been the subject of extensive study [19–21], where it has
been shown that the input signal and the quantization noise
are uncorrelated under certain technical conditions on the
characteristic function of the input signal. Under the same
conditions, the mean squared error due to quantization is
given by

𝐸 {𝑒𝑏2} = Δ2𝑏12 . (9)

We consider that, for the 𝑘th microphone signal, the time
domain samples of 𝑦𝑘 are quantized with 𝑏𝑘 bits according
to (6) before being transmitted to the fusion centre. The
quantization error can be expressed as

𝑒𝑘 (𝑛) = 𝑄 (𝑦𝑘 (𝑛)) − 𝑦𝑘 (𝑛) , (10)

where 𝑛 indexes the samples of frame 𝑡. The fusion centre
performs the STFT and collects the results for each frequency𝜔 and frame 𝑡 in the𝐾 × 1 vector y𝑒 given by

y𝑒 = y + e, (11)

where e = [𝑒1, . . . , 𝑒𝐾]𝑇 is the 𝐾 × 1 vector whose 𝑘th
element is the quantization error corresponding to the 𝑘th
microphone signal at frequency 𝜔. Note that all 𝐾 signals
have been included in the quantization process. However, if
the fusion centre is also equipped with microphones (e.g.,
it is a node of the WASN), these signals do not need to be
transmitted and hence have a fixed quantization. In this case,
the microphone signals from the fusion centre are removed
from the adaptive quantization process, but they are still
included in the estimation process.

Using the statistical properties of the quantization error
[19–21], wewill assume that every element of e is uncorrelated
with every element of y. Again, under certain technical condi-
tions, the power spectrum of the quantization noise is white;
that is, its power is evenly distributed across all frequencies
[19]. Although these conditions are not always satisfied in
practice, particularly for quantization with only a few bits,
we will combine this property with (9) to approximate the
quantization noise power at each frequency as

𝑝𝑒𝑘 = 𝐿Δ2𝑏𝑘12 , (12)

where 𝐿 is the length of the discrete Fourier transform (DFT)
used to implement the STFT in practice. The factor 𝐿 in
(12) appears as a consequence of the application to 𝑒𝑘(𝑛) of
Parseval’s theorem for the nonunitary DFT, given by

𝐿−1∑
𝑛=0

𝑒𝑘 (𝑛)2 = 1
𝐿
𝐿−1∑
𝑚=0

𝑒𝑘 (𝜔𝑚)2 , (13)
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where 𝑒𝑘(𝜔𝑚) is the 𝐿-point DFT corresponding to 𝑒𝑘(𝑛). The
nonunitary definition of the DFT is given by

𝑍𝑚 = 𝐿−1∑
𝑙=0

𝑧𝑙𝑒−𝑖𝑚(2𝜋/𝐿)𝑙, (14)

where 𝑧𝑙 is the input sequence, 𝑖 is the imaginary unit, and
𝑍𝑚 is the resulting transformed sequence. If a factor of 1/√𝐿
is applied to the right-hand side of (14) the DFT becomes a
unitary transformation and the factor 𝐿 is no longer needed
in (12). In the rest of the paper we assume that the nonunitary
DFT is used to implement the STFT, keeping inmind that the
unitary DFT can be employed simply by rescaling (12).

3. Adaptive Quantization for the Multichannel
Wiener Filter in a WASN

We now consider the effect of quantization noise on the
estimation process described in the previous section. Our
interest here is to study how changing the bit depth for
the transmission of the microphone signal samples affects
the operation of the MWF, in particular, how it affects the
MMSE. The analysis of this effect will lead to a metric
based on the gradient of the MMSE which, as we will show,
naturally leads to a greedy adaptive quantization algorithm.
We will then demonstrate how this gradient metric is a limit
case of a recently proposed impact metric [16], which was
already known to also generalize the utility metric proposed
in [10, 11]. Besides, based on this reasoning, we propose
a correction to improve the gradient metric for adaptive
quantization.This analysis provides amotivation for applying
a greedy algorithm based on any of these metrics, which
allows dynamically changing, at any moment in time, the bit
depth assigned to each microphone signal. In Section 4, we
will demonstrate experimentally that the impact and the cor-
rected gradient metrics outperform the gradient and utility
metrics, due to their inherent adaptation to the difference in
quantization levels corresponding to different bit depths.

3.1. Effect of Quantization on the Minimum Mean Squared
Error. The MWF ŵ𝑒 based on the quantized microphone
signal samples is obtained following (4) as

ŵ𝑒 = R−1𝑦𝑒𝑦𝑒r𝑦𝑒𝑥ref , (15)

whereR𝑦𝑒𝑦𝑒 = 𝐸{y𝑒y𝐻𝑒 }. Using (11) and the assumptions stated
in Section 2.3, we express R𝑦𝑒𝑦𝑒 as

R𝑦𝑒𝑦𝑒 = 𝐸 {(y + e) (y + e)𝐻} = R𝑦𝑦 + R𝑒𝑒. (16)

The quantization error correlationmatrixR𝑒𝑒 is diagonal (one
could intuitively expect quantization to reduce the cross-
correlation between themicrophone signals. In the Appendix
we consider a quantizationmodel that includes this reduction
and show that its effect on the MWF is equivalent to the one
presented in Section 3.1), with the 𝑘th element of the diagonal
being 𝐸{|𝑒𝑘|2} = 𝑝𝑒𝑘 , where 𝑝𝑒𝑘 is defined in (12). As e is

assumed to be uncorrelated with 𝑥ref , the cross-correlation
remains unchanged; that is,

r𝑦𝑒𝑥ref = r𝑦𝑥ref . (17)

As explained in Section 2.2, r𝑦𝑒𝑥ref can be computed as

(R𝑦𝑒𝑦𝑒 − RV𝑒V𝑒) cref = (R𝑦𝑦 + R𝑒𝑒 − RVV − R𝑒𝑒) cref
= (R𝑦𝑦 − RVV) cref ,

(18)

whereRV𝑒V𝑒 = 𝐸{k𝑒k𝐻𝑒 }, which indeed confirms (17). Similarly
to (5), we can now find theMMSE corresponding to ŵ𝑒, given
by

𝐽𝑒 (ŵ𝑒) = 𝑃ref − r𝐻𝑦𝑥ref (R𝑦𝑦 + R𝑒𝑒)−1 r𝑦𝑥ref . (19)

We highlight that 𝐽𝑒(ŵ𝑒) is a function of the quantization
error powers 𝑝𝑒𝑘 , which can be made explicit by rewriting the
function as

𝐽𝑒 (p𝑒) = 𝑃ref − r𝐻𝑦𝑥ref (R𝑦𝑦 + R𝑒𝑒)−1 r𝑦𝑥ref (20)

= 𝑃ref − r𝐻𝑦𝑥ref (R𝑦𝑦 + diag (p𝑒))−1 r𝑦𝑥ref , (21)

where p𝑒 = [𝑝𝑒1 , . . . , 𝑝𝑒𝐾]𝑇 is the vector of quantization error
powers and where diag(⋅) is the operator that generates a
diagonalmatrix with diagonal elements equal to the entries of
the vector in its argument. Equation (21) is important because
it defines the cost function that we will use as the basis for
adaptive quantization, since it is theminimummean squared
error that can be obtained with a linear estimator (i.e., the
MWF) after adding quantization noise to each microphone
signal. We emphasize that (21) gives the MMSE when the
MWF is first reoptimized using the quantized microphone
signals, that is, based on (15), and not the mean squared
error resulting from applying the original (optimized for the
nonquantized signals) MWF ŵ to the quantized microphone
signals.

3.2. Gradient-Based Approach to Adaptive Quantization. The
goal of adaptive quantization is to allocate a bit depth to
each sensor which is smaller than (or at most equal to) an
initial maximum bit depth. Since each bit depth reduction
also reduces the speech enhancement performance, the goal
becomes to find the bit depth allocation which uses the
minimum total number of bits ∑𝑘 𝑏𝑘 given a maximum
tolerated MMSE. Equivalently, the problem could be stated
as finding the lowest MMSE with a given total number of bits∑𝑘 𝑏𝑘.

The gradient of the function 𝐽𝑒(p𝑒) gives the direction of
maximal increase of the MMSE for a given p𝑒, that is, for a
given bit depth allocation. To further reduce the total number
of bits beyond the bit depth allocation corresponding to p𝑒, p𝑒
has to be changed top𝑒+Δp𝑒, whereΔp𝑒 is constrained to have
nonnegative entries. The corresponding MMSE increase for
an infinitesimally smallΔp𝑒 is then given by the inner product
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of Δp𝑒 and the gradient of 𝐽𝑒(p𝑒). In order to compute this
gradient, we will use the intermediate step

𝜕𝐽𝑒 (p𝑒)𝜕R𝑒𝑒 = (R𝑦𝑦 + R𝑒𝑒)−1 r𝑦𝑥ref r𝐻𝑦𝑥ref (R𝑦𝑦 + R𝑒𝑒)−1 , (22)

which follows from applying the identity [22]

𝜕a𝐻X−1a
𝜕X = −X−𝐻aa𝐻X−𝐻 (23)

together with the fact that (R𝑦𝑦+R𝑒𝑒)−1 is aHermitianmatrix.
Equation (22) can be simplified using (15)–(17) to obtain

𝜕𝐽𝑒 (p𝑒)𝜕R𝑒𝑒 = ŵ𝑒ŵ
𝐻
𝑒 . (24)

Since thematrixR𝑒𝑒 is diagonal, we can now find the gradient
g𝑒 as the diagonal of the right-hand side term in (24); that is,

g𝑒 = ∇𝐽𝑒 (p𝑒) = ŵ𝑒2 , (25)

where the operator |⋅| is applied element-wise to its argument.
To minimize the MMSE increase for an infinitesimally

small Δp𝑒, the inner product Δp𝑇𝑒 g𝑒 has to be minimized.
However, every component of g𝑒 is nonnegative and the vec-
tor Δp𝑒 is also constrained to have nonnegative components.
Hence the best choice for Δp𝑒 is a vector whose components
are all zero except the one corresponding to the minimum
element of g𝑒.

This result shows that when adding a small amount of
quantization noise, it should be added to a singlemicrophone
signal instead of dividing it overmultiplemicrophone signals.
This naturally leads to a greedy algorithm, where at each step
the gradient g𝑒 is computed from the MWF ŵ𝑒 using (25),
after which its minimum element is identified and the bit
depth for the corresponding microphone signal is reduced
by 𝑞 bits. Note that the above reasoning has assumed the
vector p𝑒 to be a continuous variable; that is, each element
of the vector can take any real value. However, the bit depth
is a discrete variable and it determines the quantization
noise power added to a signal. Hence, the smallest possible
quantization power that can be added to a signal corresponds
to reducing its bit depth by 1 bit, which is the recommended
value for 𝑞 in order to avoid taking a too large step. This
also avoids reducing the bit depth of one signal too quickly,
which may be a poor choice compared to distributing the𝑞 bit reduction over several signals. After removing a bit
from the microphone signal with the smallest entry in the
gradient vector, theMWF is reoptimized to the new bit depth
assignment, and the gradient is recomputed. This process is
continued until the MMSE exceeds a predefined threshold.

3.3. Alternative Metrics for Adaptive Quantization. In this
section, we will show how the gradient metric used in the
previous section is a limit case of the impact metric, which
has been used in [16] for adaptive quantization.This provides
an intuitive explanation of why the greedy approach, which
follows naturally from the gradient metric, also works well

when using this impact metric, as will be demonstrated in
Section 4.

The impact metric from [16] was initially proposed as a
generalization of the utility metric defined in [10, 11]. The
utility of the 𝑘th microphone signal 𝑦𝑘 is defined as the
increase in MMSE when 𝑦𝑘 is removed from the estimation
[10]. The mathematical expression of this definition is given
by

𝑢𝑘 = 𝐽−𝑘 (ŵ−𝑘) − 𝐽 (ŵ) , (26)

where ŵ−𝑘 is the reoptimized MWF obtained with all signals
except 𝑦𝑘. Assuming theMWF ŵ is known, then the utility of𝑦𝑘 is shown [10] to be equal to

𝑢𝑘 = 1
𝛼𝑘

𝑤𝑘2 , (27)

where 𝛼𝑘 is the 𝑘th element in the diagonal of R−1𝑦𝑦 and 𝑤𝑘 is
the 𝑘th element of ŵ.

The impact of the noise 𝑒𝑘 is defined as the increase in
MMSE when the uncorrelated noise signal 𝑒𝑘 is added to 𝑦𝑘,
while other microphone signals remain unchanged [16]. In
mathematical terms the definition can be expressed as

𝐼𝑒𝑘 = 𝐽𝑒 (ŵ𝑒) − 𝐽 (ŵ) , (28)

where ŵ𝑒 is the reoptimized MWF for y𝑒, as in (15), with e =
[0, . . . , 𝑒𝑘, . . . , 0]𝑇. In [16] the impact is shown to be equal to

𝐼𝑒𝑘 = 𝑝𝑒𝑘1 + 𝛼𝑘𝑝𝑒𝑘
𝑤𝑘2 , (29)

where 𝛼𝑘 is again the 𝑘th element in the diagonal of R−1𝑦𝑦, 𝑤𝑘
is the 𝑘th element of ŵ, and 𝑝𝑒𝑘 represents the power of the
noise added to 𝑦𝑘, given by (12) for the case of quantization
noise.

To simplify further notation and the comparison between
differentmetrics, we consider the gradient for the case p𝑒 = 0,
where 0 is the zero vector, such that (25) is rephrased as g =|ŵ|2, where (the comparison is valid for any p𝑒; we choose this
case purely to simplify the notation) each element is given by

𝑔𝑘 = 𝑤𝑘2 . (30)

Despite the fact that the impact (29), utility (27), and
gradient (30) metrics predict a change in theminimummean
squared error, which implicitly requires to reoptimize the
MWF, all three metrics can be calculated from the current
MWF coefficients at almost no additional computational cost
compared to the computation of ŵ itself.

By comparing (29)with (27) and (30), we see that both the
gradient 𝑔𝑘 and the utility 𝑢𝑘 are limit cases of the impact 𝐼𝑒𝑘
when 𝑝𝑒𝑘 → 0 and 𝑝𝑒𝑘 → ∞, respectively. Although 𝑝𝑒𝑘 →0 would obviously give an impact equal to zero, the relative
differences between the impact metric for different 𝑘 become
equal to those of the gradient metric.

These two limit cases can be interpreted as follows. For
the utility, the interpretation is that removing themicrophone
signal 𝑦𝑘 from the estimation process is similar to adding
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an infinite amount of noise on 𝑦𝑘 (𝑝𝑒𝑘 → ∞), making
it completely useless, which corresponds to a removal of
that channel. For the gradient, the distinction between the
gradient and the impact is that the gradient characterizes
the best linear approximation of the function 𝐽𝑒(p𝑒), while
the impact computes the actual MMSE increase produced
by adding the error 𝑒𝑘 with power 𝑝𝑒𝑘 . Since the gradient
approximation is only valid in an infinitesimally small neigh-
bourhood, it is only able to accurately capture the influence
of 𝑒𝑘 on the MMSE for small values of 𝑝𝑒𝑘 . Besides, note that
the quantization noise power𝑝𝑒𝑘 increases exponentially with
each bit reduced, so the gradient becomes less accurate as
the microphone signals are quantized with lower resolution.
On the other hand, the impact metric accounts directly for𝑝𝑒𝑘 , which makes it inherently adaptive to the significance of
each bit considered for removal. For low significance bits, the
impact is close to the gradient. However, as the significance
of a bit increases, the impact behaves more like the utility.
By contrast, the gradient assumes that 𝑝𝑒𝑘 corresponding to
a bit removal is the same for all 𝑘, or in other words it
assumes that the search space is isotropic, which only holds
true when all microphone signals have the same bit depth.
This can be adjusted by making 𝑝𝑒𝑘 in (21) a linear function
of the resolution corresponding to the least significant bit, for
example, 𝛽𝑘Δ 𝑏𝑘 , and taking the derivative with respect to 𝛽𝑘.
This would then provide a warped gradient vector

gwarped = D ⋅ |ŵ|2 , (31)

whereD = diag(Δ 𝑏1 , . . . , Δ 𝑏𝐾). Note that this warped gradient
is again an asymptotic case of the impact measure, if 𝑝𝑒𝑘 is
substituted with 𝛽𝑘Δ 𝑏𝑘 in (29) and letting 𝛽𝑘 → 0.
3.4. FrequencyDomainConsiderations. To conclude, wemust
turn our attention to the fact that all of the above is valid
at each frequency 𝜔. This opens the possibility to assign a
different bit depth to each frequency component of each
microphone signal 𝑦𝑘.

In Section 2.3 we took the approach of performing quan-
tization in the time domain. In order to select the signal
from which a bit is to be removed, we need to choose a rule
to combine each metric across all frequencies. We propose
to perform a sum of the metrics across all frequencies. For
instance, for the impact the combined metric would be given
by

𝐼𝑘 =
𝐿−1∑
𝑚=0

𝐼𝑒𝑘 (𝜔𝑚) . (32)

For the utility, gradient, and warped gradient the combined
metric is defined in a similar way. It is noted that one could as
well use a weighted sum in (32), for example, based on speech
intelligibility weights. We provide a summary of the greedy
quantization algorithm based on any of the four metrics
described so far in Algorithm 1.

However, strategies to allow the assignment of a different
bit depth to each frequency component can be considered,
as is commonly done in audio coding, to represent the most
relevant frequency components with higher accuracy. Instead

of assigning a different bit depth to every single frequency bin,
frequency bins can also be grouped in a set of 𝑅 frequency
bands Ω = Ω1 ∪ ⋅ ⋅ ⋅ ∪ Ω𝑅, where Ω comprises all frequency
bins such that |Ω| = 𝐿.Thismeans that every STFT coefficient
of each microphone signal 𝑦𝑘 at the frequency band Ω𝑟 is
quantized following (6) with 𝑏𝑘,𝑟 bits. The real and imaginary
parts of each STFT coefficient are quantized independently.
The corresponding metric can be computed in a similar way
to (32) as

𝐼𝑘,𝑟 = ∑
𝜔𝑚∈Ω𝑟

𝐼𝑒𝑘 (𝜔𝑚) , (33)

where 𝐼𝑘,𝑟 is the impact corresponding to the 𝑘thmicrophone
signal in the 𝑟th frequency band. For the utility, gradient, and
warped gradient the combined metric is again defined in a
similar way.

This configuration opens up several strategies to decide
which frequency band and microphone signal will have its
bit depth reduced in each iteration of the algorithm. For
our discussion we consider the strategy of removing, in
each iteration, one bit in each frequency bin assigned to the
frequency band Ω𝑟min

of the microphone signal 𝑦𝑘min
with

minimum 𝐼𝑘,𝑟. This is the most conservative greedy strategy,
which can be viewed as a limit case that will generally provide
a better performance compared to greedier strategies where
the bit depth is reduced in multiple channels and frequency
bands simultaneously. It is noted that a more conservative
greedy strategy comes with the cost of a larger number of
required iterations to reach a predefined total number of
bits. In Sections 4.1 and 4.2 we show the performance of this
particular strategy applied to a speech enhancement scenario.

Note that, in every iteration, the bit depth in |Ω𝑟| (out
of 𝐿) frequency bins is reduced, which corresponds to a
reduction of |Ω𝑟|/𝐿 bits per time domain sample. This is less
than the full bit per sample reduction achieved through time
domain quantization, which shows that the proposed strategy
for frequency domain quantization is more conservative than
the strategy for time domain quantization.

Besides, it is important to mention that frequency bands
do not influence each other in the sense that the bit depth
reduction in one band will not affect the decision in the rest
of the bands. In the case of nonuniform bands, where each
frequency band spans a different number of frequency bins, a
trade-off with the transmission energy has to be considered,
that is, removing a bit from a wider frequency band will
introduce more quantization noise but will result in less
energy spent in transmission since the total number of bits
will be lower.

4. Experimental Results

In this section we discuss the results obtained from several
experiments to observe and characterize the performance of
the greedy adaptive quantization algorithm based on the four
metrics described in Section 3. We will discuss experiments
on two different audio datasets. In the first one the audio sig-
nals captured by the microphones are obtained by simulating
the acoustics of a room with the image method [23]. In the
second one, the audio signals were recorded using a wireless
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(1) Choose a metric𝑚𝑘 from 𝐼𝑘, 𝑔𝑘, 𝑔warped,𝑘 or 𝑢𝑘.
(2) Initialize𝐷𝑘 ∀𝑘 ∈ K to the dynamic range of each sensor.
(3) Initialize the bit depth assignment 𝑏𝑘 ∀𝑘 ∈ K to the maximum bit depth allowed by the hardware.
(4) Initialize 𝑝𝑒𝑘 ∀𝑘 ∈ K using equation (12).
(5) while MMSEcurrent < MMSEthreshold do
(6) Each signal 𝑦𝑘 is quantized in time domain with 𝑏𝑘 bits using (6).
(7) Receive𝑁fr signal frames from 𝑦𝑘 ∀𝑘 ∈ K.
(8) Apply STFT to the received frames.
(9) Compute ŵ(𝜔𝑚) ∀𝜔𝑚 based on the quantized microphone signals using equation (15).
(10) Update 𝑝𝑒𝑘 using 𝑏𝑘 − 1 and equation (12) ∀𝑘 ∈ K (The update is done with 𝑏𝑘 − 1 in order for the metric to predict

what would happen if the bit depth of the 𝑘thsignal is reduced by 1 bit. However only one signal gets its 𝑏𝑘 actually reduced
in step (14)).

(11) Compute the selected metric𝑚𝑘(𝜔𝑚) ∀𝜔𝑚 according to equation (29), (30), (31) or (27) respectively.
(12) Combine𝑚𝑘(𝜔𝑚) using equation (32).
(13) Find the index 𝑘min of the signal with minimal𝑚𝑘.
(14) Reduce 𝑏𝑘min

by 1 bit.
(15) If 𝑏𝑘min

equals 0 after the reduction, remove the 𝑘minth signal for subsequent iterations.
(16) end while

Algorithm 1: Greedy adaptive quantization for MWF in WASN.

acoustic sensor network set up in a real home environment in
a house inMol, Belgium, using nodes designed by researchers
from theMICAS group of the Department of Electrical Engi-
neering (ESAT) inKULeuven.Thedetails of each experiment
will be discussed in Sections 4.1 and 4.2. In all experiments
the desired speaker audio consists of three sentences, spoken
by a female speaker, from the TIMIT database [24].The noise
characteristics will be described in the section corresponding
to each experiment. The sampling frequency is 𝑓𝑠 = 16 kHz.
The audio processing is implemented in batch mode, where
the correlation matrices R𝑦𝑦(𝜔𝑚) and RVV(𝜔𝑚) are estimated
using samples over the entire length of the microphone
signals. An ideal VAD is used to exclude the influence of
speech detection errors. The audio signals are divided into
frames using aHannwindowwith 50%overlap, and the STFT
is implemented using a discrete Fourier transform (DFT) of
length 𝐿 = 512. The multichannel Wiener filter is computed
based on a GEVD of R𝑦𝑦(𝜔𝑚) and RVV(𝜔𝑚) as in [17] since, as
we mentioned in Section 2.2, this method is superior to the
subtraction-based implementation.

In order to assess the changes in noise reduction and
speech distortion due to the bit depth reduction we will use
two figures ofmerit, the speech intelligibility weighted signal-
to-noise ratio (SI-SNR) [25] and the speech intelligibility
weighted spectral distortion (SI-SD) [6]. They are based
on the band importance function 𝐵𝑖, which expresses the
importance for intelligibility of the 𝑖th one-third octave band
with centre frequency 𝑓𝑐,𝑖. The values for 𝑓𝑐,𝑖 and 𝐵𝑖 are
defined in [26].The definitions of the two figures of merit are
given by

SNRSI = ∑
𝑖

𝐵𝑖SNR𝑖
SDSI = ∑

𝑖

𝐵𝑖SD𝑖.
(34)

The quantity SNR𝑖 is the SNR (in dB) in the one-third
octave band with centre frequency 𝑓𝑐,𝑖. In order to account
for quantization, the quantization noise in the input signals
can be obtained by subtracting the clean input signal and
its corresponding quantized version. The quantization error
obtained is added to the noise component of each micro-
phone, and they are filtered to obtain the noise component
in the output signal, which is then used to compute the noise
power at each one-third octave frequency band.

For the SI-SD, SD𝑖 is the average spectral distortion in the
one-third octave band with centre frequency 𝑓𝑐,𝑖, given by

SD𝑖 = ∫2
1/6𝑓𝑐,𝑖

2−1/6𝑓𝑐,𝑖

10 log10𝐺𝑠 (𝑓)(21/6 − 2−1/6) 𝑓𝑐,𝑖 𝑑𝑓. (35)

The function 𝐺𝑠(𝑓) is given by

𝐺𝑠 (𝑓) = 𝐸 {𝑋out (𝑓)𝑋∗out (𝑓)}𝐸 {𝑋in (𝑓)𝑋∗in (𝑓)} , (36)

where 𝑋out(𝑓) is the speech component at the output of
the MWF, and 𝑋in(𝑓) is the frequency domain speech
component at the reference microphone signal. A distortion
value of 0 indicates undistorted speech, while larger values
correspond to increased speech distortion. To account for
quantization, 𝑋out(𝑓) is computed by first quantizing the
speech component at each microphone with the correspond-
ing bit depth and then applying the filter to the quantized
speech components.

4.1. Simulated Room Acoustics. Our first experiment is a
study of the behaviour of the greedy algorithm for adaptive
quantization using simulated room acoustics. The scenario
consists of a room of dimensions 5 × 5 × 3m, with a
reverberation time of 0.2 s. In the room there are two babble
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Figure 2: Acoustic scenario for the simulated room acoustic
experiment.

noise sources [27] and one desired speech source. The
WASN consists of four nodes, where each node is equipped
with three omnidirectional microphones, such that the total
number of microphone signals is 𝐾 = 12. Independent
white Gaussian noise was added to each microphone signal
with a power of 2.5 ⋅ 10−5, about 1% of the power of the
babble noise impinging on themicrophones. A 2Ddiagramof
the acoustic scenario is depicted in Figure 2. All sources are
located at a height of 1.8m, while the nodes are placed 2m
high.The intermicrophone distance at each node is 4 cm and
the sampling rate is 16 kHz. The maximum bit depth was set
to 16 bits. The broadband input SNR for every microphone
lies between 0 dB and 5 dB. The acoustics of the room are
modeled using a room impulse response generator, which
allows simulating the impulse response between each source
and eachmicrophone using the imagemethod [23].The code
is available online (https://www.audiolabs-erlangen.de/fau/
professor/habets/software/rir-generator). The total duration
of the signals is 20 seconds.

In Figures 3 and 4 we can see the SI-SNR and SI-SD at
each iteration of the greedy adaptive quantization algorithm
presented inAlgorithm 1 based on the fourmetrics discussed.
In this experiment the quantization is performed in the time
domain, as explained in Section 2.3, such that each time
domain sample of the microphone signal 𝑦𝑘 is quantized
using its allocated bit depth 𝑏𝑘. Note that both the SI-SNR
and the SI-SD are plotted versus the average bit depth per
sample and channel at each iteration, given by ∑𝑘 𝑏𝑘/𝐾. In
terms of SI-SNR, the impactmetric performs better than both
the utility and the gradient, as we expected due to its inherent
adaptability to the significance of each bit for different bit
depths. The same can be said about the warped gradient,
which performs better than the uncorrected gradient and
close to the impact due to the correction to account for the
significance of each bit. In terms of distortion, there is no clear
winner when the total number of bits is high. However, the
impact and thewarped gradient introduce the least distortion
as the number of bits decreases.
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Figure 3: SI-SNR at each step of the greedy quantization algorithm
using time domain quantization for the simulated room acoustic
experiment.
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Figure 4: SI-SD at each step of the greedy quantization algorithm
using time domain quantization for the simulated room acoustic
experiment.

We now turn our attention to quantization in the fre-
quency domain, where each microphone signal 𝑦𝑘 has a bit
depth 𝑏𝑘,𝑟 allocated to its frequency band Ω𝑟, as explained
in Section 3.4. The STFT coefficient at each frequency bin𝜔𝑚 ∈ Ω𝑟 is quantized using 𝑏𝑘,𝑟 bits. In each iteration, one
frequency band at one microphone signal has its bit depth𝑏𝑘min ,𝑟min

reduced by one. The pair (𝑘min, 𝑟min) is given by the
channel and band with minimum impact (or corresponding
metric). For this experiment we considered 𝑅 = 4 uniform
frequency bands, each spanning 𝐿/4 frequency bins. The bit
allocation 𝑏𝑘,𝑟 of any band can be reduced to a minimum of
2 bits. If all bands of a microphone signal 𝑦𝑘 are assigned

https://www.audiolabs-erlangen.de/fau/professor/habets/software/rir-generator
https://www.audiolabs-erlangen.de/fau/professor/habets/software/rir-generator
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Figure 5: SI-SNR at each step of the greedy quantization algorithm
with frequency domain quantization for the simulated room acous-
tic experiment.

1

2

3

4

5

6

7

8

O
ut

pu
t S

D

Impact
Gradient

Utility
Warped gradient

4 6 8 10 12 14 162
Average bit depth per channel and sample

channel and sample
Output speech distortion versus average bit depth per

Figure 6: SI-SD at each step of the greedy quantization algorithm
with frequency domain quantization for the simulated room acous-
tic experiment.

2 bits, the signal is removed from the estimation process
for subsequent iterations. In Figures 5 and 6 we can again
see the SI-SNR and SI-SD at each iteration of the greedy
adaptive quantization algorithm.The two figures of merit are
plotted versus the average bit depth per sample and channel
∑𝑘 𝑏𝑘/𝐾, where 𝑏𝑘 = (1/𝑅)∑𝑟 𝑏𝑘,𝑟. We can observe again the
impact and the warped gradient performing better in terms
SI-SNR, which is consistent with our previous experiment.
However, the decay in SI-SNR for the utility and the gradient
is less pronounced, and the region where their performance
is similar to the impact and the warped gradient is larger. In
terms of speech distortion the results are also consistent with

the previous experiment in the sense that there is no clear
winner, although the impact seems to perform better as the
number of bits decreases for this particular experiment.

4.2. Experiments on Real Recordings. In order to further
compare the four metrics for greedy adaptive quantization,
we turn our attention to an audio scenario where the signals
are recorded using a real life wireless acoustic sensor network
set up in a house in Mol, Belgium, consisting of 6 nodes with
4 microphones per node. A 2D schematic of the whole house
can be seen in Figure 7, although only the living room was
used for this experiment. The acoustic scenario consisted of
one loudspeaker acting as the desired speaker (represented
by the blue circle) and a kitchen fan (located in the top right
corner of the living room in the 2D schematic) acting as
the noise source. Only the nodes marked 1, 2, 3, 6, 7, and
8 were used for this experiment. The speech signal for the
loudspeaker consisted of three sentences from the TIMIT
[24] database, spoken by a female speaker. The total duration
of the recording was 23 seconds.

The microphones employed were Sonion N8AC03 (ana-
log), and the intermicrophone distance at each node was
5 cm. A picture of one node with the location of the micro-
phones indicated is shown in Figure 8. The sampling fre-
quency was 𝑓𝑠 = 16 kHz, and the analog-to-digital converter
of every node was configured to use a bit depth of 12 bits
for acquisition. The microcontroller unit in each node is the
Wonder Gecko EFM32WG980 from Silicon Labs [28], which
is used for sampling and sending data to a Raspberry Pi 3 [29]
via USB. The Raspberry Pi at each node is used to upload
the audio samples to a USB drive. A picture of one node
can be seen in Figure 8. The nodes were synchronized once
every second using a pulse that was sent through coaxial
cable and triggered by a GPS/DCF receiver. The recorded
audio signals were stored and subsequently processed using
the MATLAB software as described at the beginning of
Section 4. We implemented the processing offline to focus
on the characterization of the performance of the bit depth
reduction algorithm and the comparison of the different
metrics using real audio data.

In Figure 9 we can see the results of the SI-SNR of the
output signal estimated from the MWF using the recorded
audio signals. In this case, quantization was performed in
the time domain. The SI-SNR of the input microphone
signals lied between −16 and −7 dB. The noise power for
the SI-SNR calculation was computed using the nonspeech
segments. The greedy adaptive quantization algorithm was
stopped when the total number of bits used was 20 bits. It
can be observed that the impactmetric again outperforms the
gradient and the utility metrics and provides a smoother way
of downscaling the WASN performance, in agreement with
the results from Section 4.1. Besides, the warped gradient
performs very close to the impact due to the correction to
account for the significance of each bit, again in agreement
with the results from Section 4.1. We would like to note
that the impact and the warped gradient outperforming the
gradient and the utility, as we can observe in both Figures
3 and 9, agree with the theoretical discussion of Section 3.3,
where we describe the limitations of each metric. The four
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Figure 7: Schematic in 2D of the house used for the WASN recordings, with the desired speaker in blue and the WASN nodes in red.

Figure 8: One node of the WASN used to make the recordings.
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Figure 9: SI-SNR achieved at each step of the greedy quantization
algorithm for the real recordings.
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Figure 10: SI-SNR at each step of the greedy quantization algorithm
using frequency domain quantization for the real recordings.

metrics achieve a similar performance only in the high
resolution regime, where the samples from every signal are
encoded with a high bit depth and the bits removed have low
significance.

Finally, we turn again our attention to quantization in the
frequency domain, as explained in Section 3.4. We followed
the same strategy as in the previous section, where we
consider 𝑅 = 4 uniform frequency bands, each spanning𝐿/4 frequency bins. In Figure 10 we can see the behaviour
of the SI-SNR for this experiment, where a slower decay
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compared to the evolution in Figure 9 is observed. Although
the impact outperforms the rest of the metrics, the four
metrics diverge less from each other compared to the time
domain quantization as seen in Figure 9. We note that for
this experiment the warped gradient performsworse than the
utility and the gradient.

4.3. Analysis of Energy Consumption. To conclude, we focus
on estimating the energy savings that can be achieved in
communication by reducing the bit depth assignment of the
microphone signals using the greedy adaptive quantization
algorithm. This estimation is based on the power consump-
tion of theWASNhardware nodesweused to record the audio
signals. We employ a simplified model for the average energy
ERF required to transmit 𝐿RF bits fromone node to the fusion
centre given by

ERF = 𝑃RF𝑑RF
𝐿RF, (37)

where 𝑑RF is the data rate in bits per second and 𝑃RF is the
average power consumed by the radiomodule in active status.
We note that (37) provides only an approximation of the
required transmission energy since it ignores some factors
such as the retransmission of lost packets. However, a detailed
model for the transmission energy is outside the scope of this
paper.The interested reader can findmore advancedmethods
in [30].

We will first discuss the case where quantization is
performed in the time domain; that is, the bit depth assigned
to the microphone signal 𝑦𝑘 is equal for every frequency.

The number of bits 𝐿RF needed for the transmission of an
audio frame of length 𝐿 samples from microphone signal 𝑦𝑘
can be calculated as follows:

𝐿RF,𝑘 = 𝑏𝑘𝐿 + 𝑛pkt,𝑘𝐿overhead, (38)

where 𝑏𝑘 is the bit depth assigned to the microphone signal𝑦𝑘, 𝐿overhead is the length in bits of the headers containing
protocol information, and 𝑛pkt,𝑘 is the number of packets
necessary to fit 𝐿 samples from 𝑦𝑘 according to the network
protocol rules.

The radio module of the nodes we used to acquire
our audio recordings consists of an IEEE 802.15.4 standard
compliant radio from Atmel (AT86RF233) in combination
with anARMCortexM4microcontroller. In activemode, the
power consumption is 𝑃RF = 41.8mW at 𝑑RF = 1Mbps. The
packet in the IEEE 802.15.4 standard consists of 127 payload
bytes and 6 header bytes [31]. The 127 bytes include 2 CRC
bytes and 125 bytes of actual data plus headers originating
from higher layers (such as, e.g., IPv6 for the network layer
andUDP for the transport layer).Wewill assume that 25 bytes
correspond to headers from higher layers. This leads to each
packet carrying 33 bytes of overhead and a maximum of 100
bytes of data corresponding to audio samples.The number of
packets necessary to transmit 𝐿 audio samples encoded with
bit depth 𝑏𝑘 is then given by

𝑛pkt,𝑘 = ⌈ 𝑏𝑘𝐿8 ⋅ 100⌉ . (39)

As we have explained in Algorithm 1, when a signal is
assigned 0 bits, it gets removed from the estimation process
for subsequent iterations. We are interested in calculating
the total energy spent in the transmission of 𝐿 samples per
microphone signal included in the estimation process, which
is given by

E𝑇,frame = ∑
𝑘∈K𝑎

ERF,𝑘, (40)

where ERF,𝑘 is computed using (37) and (38) and K𝑎 is the
subset ofK containing the indexes of themicrophone signals
included in the estimation process. However, we also have to
consider the messages the fusion centre needs to send to the
nodes every iteration to inform them of which microphone
signal 𝑦𝑘 will have its bit depth 𝑏𝑘 reduced. These messages
are limited in size since only the index of the signal whose
bit depth needs to be reduced has to be communicated to the
nodes. The length of one fusion centre packet in bits is given
by

𝐿FC = 𝐿overhead + 8, (41)

where we assume that the message contains one byte of
payload. The energy spent in the transmission of these
packages is related to the speed of refreshment of the bit depth
allocation algorithm, that is, the rate at which the network
performs the iterations required by the algorithm. We will
denote this rate by 𝑟refr ∈ (0, 1], which is given by the inverse
of the number of frames the network waits between two
consecutive iterations of the bit depth allocation algorithm.
A value of 1 means that we change the bit depth allocation
every frame and a value of 0.5 every two frames. Following
(37) the average energy per frame required to transmit the
fusion centre packet is given by

EFC = 𝑃RF𝑑RF
𝐿FC𝑟refr. (42)

We can then modify (40) to include EFC so that the total
energy spent by the network in the duration of one frame is

E𝑇 = ∑
𝑘∈K𝑎

ERF,𝑘 + (𝑁nodes + 1)EFC, (43)

where 𝑁nodes is the number of nodes in the network, which
is included to account for the energy spent by the nodes in
the reception of the packet. Note that it is implicitly assumed
here that the energy spent in the reception of a packet is
on the same order of magnitude of the energy spent for its
transmission.This assumption is valid in short distances [32],
which can be expected in the context of a WASN. A quick
calculation of the ratio between EFC and ERF,𝑘 for 𝐿 = 512,𝑏𝑘 = 8, 𝐿overhead = 264 bits (corresponding to 33 bytes), and𝑟refr = 1 yields roughly 5%. While this is only an approximate
energy model and other concerns related to communications
may arise due to the speed of refreshment, such as the use of
bandwidth or the need for retransmissions, from the point
of view of energy we can conclude that even for fast rates,
that is, one iteration per frame, the reduction of transmission
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energy is not jeopardized by the refreshment rate in most
situations. In practice, deciding on a value for the refreshment
rate 𝑟refr depends on the dynamics of the acoustic scenario;
for example, in a scenario with moving sources it may be
interesting to have a high rate to be able to track the sources,
while in a static scenario a lower rate can be sufficient.

We turn our attentionnow to quantizationwith a different
bit depth in each of the 𝑅 frequency bands. This leads to
each microphone signal 𝑦𝑘 having a bit depth 𝑏𝑘,𝑟 assigned
for each frequency band Ω𝑟. The number of bits 𝐿RF needed
for the transmission of 𝐿/2 complex STFT coefficients from
microphone signal 𝑦𝑘 can be calculated following (38) as

𝐿RF,𝑘 =
𝑅∑
𝑟=1

𝑏𝑘,𝑟𝐿𝑟 + 𝑛pkt,𝑘𝐿overhead

= 𝑏𝑘𝐿 + 𝑛pkt,𝑘𝐿overhead,
(44)

where𝐿𝑟 is the number of frequency bins included in bandΩ𝑟
and 𝑏𝑘 is the average number of bits assigned to microphone
signal 𝑦𝑘, which is given by

𝑏𝑘 = ∑𝑅𝑟=1 𝑏𝑘,𝑟𝐿𝑟𝐿 (45)

The number of packets necessary is now given by

𝑛pkt,𝑘 = ⌈ 𝑏𝑘𝐿8 ⋅ 100⌉ . (46)

We note that since each payload byte allows the fusion centre
256 combinations of channel and frequency band indexes,
a packet of very similar length to the one we considered in
(41) can be used in this case to let the fusion centre inform
the nodes of where to remove bits. While the quantization
in several frequency bands allows for extra granularity, the
energy analysis shown above applies in a straightforward
manner by considering the average number of bits 𝑏𝑘 in place
of 𝑏𝑘.

Finally, in Figure 11 the resulting SI-SNR (the same as in
Figure 9) is plotted versus the total energy spent in transmis-
sion calculated from (43). Similarly, in Figure 12 we show the
resulting SI-SNR (the same as in Figure 10) plotted versus
the total energy spent in transmission calculated following
the energy analysis for frequency domain quantization shown
above. These graphs illustrate the estimated transmission
energy savings which can be achieved through the use of
the greedy adaptive quantization algorithm. For time domain
quantization, from Figure 11 it can be observed that the total
transmission energy can be reduced roughly by half without
a meaningful loss in performance and cut by four for a small
loss of 1 dB. For frequency domain quantization the savings
are potentially higher since the total transmission energy can
be reduced roughly to one-third without meaningful loss in
performance.

5. Conclusions

We have provided a better understanding of adaptive quan-
tization for speech enhancement in wireless acoustic sensor
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Figure 11: SI-SNR versus total transmission energy spent in the
duration of one frame in the case of time domain quantization.
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Figure 12: SI-SNR versus total transmission energy spent in the
duration of one frame in the case of frequency domain quantization.

networks based on the previously proposed impact metric.
We have done so by extending the mathematical framework
of adaptive quantization in linear MMSE estimation, where
we have proposed a metric based on the gradient of the
MMSE and demonstrated how this metric naturally leads
to a greedy approach. Moreover, we have shown that the
impact metric is a generalization of the gradient metric,
where the gradient is a limit case of the impact. We also
propose a correction to improve the gradient metric by
considering the significance of each quantization bit for
different bit depths. Besides, the impact also generalizes a
utilitymetric previously proposed for sensor subset selection.
Through the use of a simulated and a real life environment
we have assessed the superiority of the impact and the
corrected gradient metrics over the gradient and the utility



14 Wireless Communications and Mobile Computing

metrics due to their adaptability to the significance of each
quantization bit. Besides, we have provided an estimation
of the possible energy savings achievable through the use
of the greedy adaptive quantization algorithm based on any
of the studied metrics. In future work, an extension of this
approach to a distributed speech enhancement algorithm
will be explored, hence going beyond the centralized setting
targeted in this work. Another important research direction
will be the incorporation of psychoacoustic characteristics of
human hearing to the bit depth allocation algorithm in order
to improve the allocation in different frequency bands.

Appendix

The model for the effect of quantization noise on the MWF
developed in Section 3.1 relies on the quantization noise being
uncorrelated with the input microphone signals y and with
the desired speech signal components x to establish equations
(16) and (17). However, one might intuitively expect the
quantization of microphone signal 𝑦𝑘 to reduce the cross-
correlation with the other microphone signals 𝑦𝑚 ∈ K \ {𝑘}.
This would lead to a decrease in the off-diagonal elements in
R𝑦𝑒𝑦𝑒 compared to the off-diagonal elements in R𝑦𝑦.

This can be considered by using an alternative model for
quantization such that (11) is substituted by

y𝑞 = A (y + e) , (A.1)

where A is the𝐾 × 𝐾 diagonal matrix

A = diag (√𝜌1, . . . , √𝜌𝐾) (A.2)

with elements given by

𝜌𝑘 = 𝑝𝑘𝑝𝑘 + 𝑝𝑒𝑘 , (A.3)

where 𝑝𝑘 = 𝐸{|𝑦𝑘|2}. Note that this factor rescales each
quantized microphone signal to its original power, since
quantization might be expected not to increase the micro-
phone signal power. The corresponding microphone signal
correlation matrix R𝑦𝑞𝑦𝑞 is then given by

R𝑦𝑞𝑦𝑞 = 𝐸 {A (y + e) (y + e)𝐻A𝐻} (A.4)

= A (R𝑦𝑦 + R𝑒𝑒)A𝐻 (A.5)

= A (R𝑦𝑦 + diag (p𝑒))A𝐻. (A.6)

As we can observe from (A.3) and (A.4), the off-diagonal
elements of the 𝑘th column of R𝑦𝑞𝑦𝑞 are the off-diagonal
elements of the 𝑘th column ofR𝑦𝑦 multiplied by 𝜌𝑘, while the
elements in the main diagonal of R𝑦𝑞𝑦𝑞 are equal to those of
R𝑦𝑦. In summary, R𝑦𝑞𝑦𝑞 models the effect of quantization as
a decrease in the cross-correlation between the microphone
signals (hence the decrease in the off-diagonal elements),
while their powers (given by the main diagonal elements)
remain unchanged.

The cross-correlation r𝑦𝑞𝑥ref can be obtained by using (A.1)
as

r𝑦𝑞𝑥ref = 𝐸 {y𝑞𝑥∗ref} = 𝐸 {A (y + e) 𝑥∗ref} (A.7)

= A𝐸 {y𝑥∗ref} + A𝐸 {e𝑥∗ref} = Ar𝑦𝑥ref , (A.8)

where we have assumed that e and 𝑥ref are uncorrelated.
Following (5) and (19) we can express the MMSE 𝐽𝑞(ŵ𝑞)
obtained from the MWF computed based on y𝑞 as

𝐽𝑞 (ŵ𝑞) = 𝑃ref − r𝐻𝑦𝑞𝑥refR
−1
𝑦𝑞𝑦𝑞

r𝑦𝑞𝑥ref . (A.9)

Using (A.4) and (A.7) we find

𝐽𝑞 (ŵ𝑞) = 𝑃ref − r𝐻𝑦𝑞𝑥refR
−1
𝑦𝑞𝑦𝑞

r𝑦𝑞𝑥ref

= 𝑃ref
− r𝐻𝑦𝑥refA

𝐻A−𝐻 (R𝑦𝑦 + R𝑒𝑒)−1 A−1Ar𝑦𝑥ref
= 𝑃ref − r𝐻𝑦𝑥ref (R𝑦𝑦 + R𝑒𝑒)−1 r𝑦𝑥ref

(A.10)

which coincides with (19), proving that

𝐽𝑞 (ŵ𝑞) = 𝐽𝑒 (ŵ𝑒) . (A.11)

We can then conclude from the derivation presented above
that modeling the effect of quantization noise through (11) or
(A.1) leads to the same MMSE and thus to the same impact
and gradient metric. Therefore, there is no dilemma between
the two models regarding the effect of the quantization of the
microphone signals on the MWF.
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Wireless acoustic sensor networks (WASNs) are formed by a distributed group of acoustic-sensing devices featuring audio playing
and recording capabilities. Current mobile computing platforms offer great possibilities for the design of audio-related applications
involving acoustic-sensing nodes. In this context, acoustic source localization is one of the application domains that have attracted
the most attention of the research community along the last decades. In general terms, the localization of acoustic sources can
be achieved by studying energy and temporal and/or directional features from the incoming sound at different microphones and
using a suitable model that relates those features with the spatial location of the source (or sources) of interest. This paper reviews
common approaches for source localization in WASNs that are focused on different types of acoustic features, namely, the energy
of the incoming signals, their time of arrival (TOA) or time difference of arrival (TDOA), the direction of arrival (DOA), and the
steered response power (SRP) resulting from combining multiple microphone signals. Additionally, we discuss methods not only
aimed at localizing acoustic sources but also designed to locate the nodes themselves in the network. Finally, we discuss current
challenges and frontiers in this field.

1. Introduction

With the rapid development in fields like circuit design and
manufacturing, wireless nodes incorporating a variety of
sensors, communication interfaces and compact micropro-
cessors have become economical resources for the design
of innovative monitoring systems. Networks of such type
of devices, referred to as wireless sensor networks (WSNs)
[1, 2], have been widely spread and used in many fields, with
applications ranging from surveillance and military deploy-
ments to industrial and health-care systems [3]. When the
nodes incorporate acoustic transducers and the processing
involves the manipulation of audio signals, the resulting
network is usually referred to as a wireless acoustic sensor
network (WASN). A WASN consists of a set of sensor nodes

interconnected via a wireless medium [4]. Each node has one
or several sensors (microphones), a processing unit, awireless
communication module, and, sometimes, also one or several
actuators (loudspeakers) [5].

During the last decade, the use of location informa-
tion and its potentiality in the development of ambient
intelligence applications has promoted the design of local
positioning systems with WSNs [6]. Using WSNs to perform
localization tasks has always been a desirable property since,
besides being considerably cheap, they are easily deploy-
able. Localization and ranging in WSNs have been typically
addressed by measuring the received signal strength (RSS)
or time of arrival (TOA) of radio signals [7]. However, the
RSS approach, while being significantly inexpensive, incurs
significant errors due to channel fading, long distances,
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and multipath. In the context of acoustic signal processing,
WASNs also provide advantages with respect to traditional
(wired) microphone arrays [8]. For example, they enable
increased spatial coverage by distributing microphone nodes
over a larger volume, a scalable structure, and possibly better
signal-to-noise ratio (SNR) properties. In fact, since the
ranging accuracy depends on both the signal propagation
speed and the precision of the TOA measurement, acoustic
signals may be preferred with respect to radio signals [9].

There are two typical localization tasks in WASNs: the
localization of one or more sound sources of interest and the
localization of the nodes that make up the network. The first
case may involve locating the position of unknown sound
sources, for example, talkers inside a room or unexpected
acoustic events or sometimes other devices emitting known
beacon signals. The second case is usually related to the self-
calibration or automatic ranging of the nodes themselves.

To estimate the locations of the sound sources that are
active in an acoustic environment monitored by a WASN,
different methods exist in the literature. Usually, a centralized
scheme is adopted where a dedicated node, known as the
fusion center, is responsible for performing the localization
task based on information it receives from the rest of nodes.
The sensor network itself poses many limitations and chal-
lenges that must be considered when designing a localization
approach in order to facilitate its use in practical scenarios.
Such challenges include the bandwidth usage which limits
the amount of information that can be transmitted in the
network and the limited processing power of the nodes
which prohibits them from carrying out very complex and
computationally expensive operations. Moreover, each node
has its own clock for sampling the signals and since the nodes
operate individually, the resulting audio in the network will
not be synchronized.

A taxonomy of sound source localization methods can
be built up upon the nature of information from the sensors
that it is utilized in order to estimate the locations. Hence,
the WASN can estimate the locations of the acoustic sources
based on (i) energy readings, (ii) time-of-arrival (TOA)
measurements, (iii) time-difference-of-arrival (TDOA) mea-
surements, and (iv) direction-of-arrival estimates or (v) by
utilizing the steered response power (SRP) function.

In DOA-based approaches, each node estimates the DOA
of the sources it can detect and transmits the DOA estimates
to the fusion center. Although such approaches require
increased computational power and multiple microphones
in each node, they can attain very low-bandwidth usage, as
only the DOA estimates need to be transmitted. Also, since
the DOA estimation is carried out in each node individually,
the audio signals at different nodes need not be synchronized:
DOA-based approaches can tolerate unsynchronized input as
long as the sources move at a rather slow rate relative to the
analysis frame.The location estimators are generally based on
estimating the location of a sound source as the intersection
of lines emanating from the nodes at the direction of
the estimated DOA. However, for multiple sources several
challenges arise: the number of detected sources (and thus
the number of DOA estimates) in each time instant can vary
across the nodes due to missed detections (i.e., a source is not

detected by a node) or false-alarms (i.e., overestimation of the
number of detected sources) and an association procedure is
needed to find the DOA combinations that correspond to the
same source. This is known as the data-association problem
and is crucial for the localization task.

The TDOA is related to the difference in the time of flight
(TOF) of the wavefront produced by the source at a pair of
microphones in the same node. TDOAs can be estimated
at a moderate computational cost through the generalized
cross correlation (GCC) [10] of the signals acquired by
microphones in the pair. The source location estimate is
accomplished by combining TDOA measurements coming
from multiple sensors. Notice that, as for the DOA, only the
TDOA measurements must be transmitted over the wireless
network, with clear advantages in terms of transmission
power and required bandwidth. Though suitable for WASNs,
in practical scenarios (reverberant environments, presence of
noise, and interferers), TDOA measurements are prone to
errors, which in their turn lead towrong localization. In order
to mitigate the impact of these adverse phenomena, several
techniques have been presented with the aim of identifying
and removing outliers in the TDOA set [11–13].

A TDOA measurement bounds the source to lie on
a branch of hyperbola whose vertices are in microphone
positions and whose aperture is determined by the TDOA
value. When two (three in 3D) measurements from different
pairs are available, the source can be localized through inter-
section of hyperbolas.The resulting cost function, however, is
strongly nonlinear, and therefore its minimization is difficult
and prone to errors. Linearized cost functions have been
proposed to overcome this difficulty [14–16]. It is important
to notice, however, that the linearized cost functions require
the presence of a reference microphone, with respect to
which the remaining microphones in all the sensors must be
synchronized. This poses technological constraints that, in
some cases, hinder the use of such techniques. More recently,
methodologies that include the synchronization offset in the
optimization of the cost function have been proposed to
overcome this problem [12, 17].

TOA measurements are obtained by detecting the time
instant at which the source signal arrives at the microphones
present in the network. Since in passive source localization
the source emission time is unknown, the TOA is not
equivalent to the TOF of the signal, preventing a direct
mapping from TOAs to source-to-node distances. While
some applications involve the use of sound-emitting nodes
that allows performing localization by using trilateration
techniques, TDOA localization methods are usually chosen.
In this case, although the source emission time does not
need to be known, the registered TOAs need to be referenced
to a common clock, requiring precise timing hardware and
synchronization mechanisms.

Energy-based localization relies on the averaged energy
readings computed over windows of signal samples acquired
by the microphones incorporated by the nodes [18].
Compared to TDOA and DOA methods, energy-based
approaches are attractive because they do not require the
use of multiple microphones at the nodes and are free
of synchronization issues unlike those based on TOA.
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Figure 1: WASN with𝑀 = 3 nodes and 𝑁 = 3microphones per node.

However, TDOA- and DOA-based methods, considered as
signal-based approaches, offer generally better performance
than energy-based methods. This is due to the fact that the
information conveyed by all the samples of the signal is
directly exploited instead of their average, at the expense
of more sophisticated capturing devices and transmission
resources [18, 19].

SRP approaches are beamforming-based techniques that
compute the output power of a filter-and-sum beamformer
steered to a set of candidate source locations defined by a
predefined spatial grid. Since the computation of the SRP
involves the accumulation of GCCs from multiple micro-
phone pairs, the synchronization requirements are usually
the same as those of TDOA-based methods. The set of SRPs
obtained at the different points of the grid make up the
SRP power map, where the point accumulating the highest
value corresponds to the estimated source location. When
using unsynchronized nodes with multiple microphones, the
SRP power maps computed at each node can be used to
obtain their corresponding DOAs. Alternatively, the SRP
power maps from the different sensors can be accumulated
at a central node to obtain a combined SRP power map,
identifying the true source location by its maximum.

Besides the localization of acoustic sources, approaches
for localizing the nodes in the network are also of high
interest within a WASN context. Based on the estimated
TOAs and TDOAs, algorithms for self-localization of the
sensor nodes usually assume known source positions playing
known probe signals. In practical scenarios, each sensor node
does not have any information regarding other nodes or
synchronization between the sensor and the source. These
assumptions allow all processing to take place on the node
itself. Several issues, for example, reverberation, asynchrony
between the sound source and the sensor, poor estimation
of the speed of sound, and noise, need to be considered for
robust self-localization methods. In addition, the processing
needs to be computationally inexpensive in order to be run
on the sensor node itself.

Some state-of-the-art solutions for acoustic sensor local-
ization detail the challenges facing these algorithms and
methods to tackle such problems in a unified context [20,
21]. Furthermore, recent methodologies have been proposed
for probe signal design aimed at improving TOF estimation
[22], the joint localization of sensors and sources in an ad
hoc array by using low-rank approximation methods [23],
and an iterative peak matching algorithm for fast node
autocalibration [24].

The paper is structured as follows. Section 2 discusses
some general considerations regarding a general WASN
structure and the notation used throughout this paper.
Section 3 presents the fundamentals of energy-based source
localization methods. Section 4 discusses TOA-based local-
ization approaches. Methods for TDOA-based localization
are presented in Section 5. Section 6 discusses the use of
DOAmeasurements to perform localization of one or several
sound sources. In Section 7, the fundamentals of the conven-
tional and modified SRP methods are explained. Section 8
reviews some recent methods for the self-localization of the
nodes in the network. Some future directions in the field are
discussed in Section 9. Finally, the conclusions of this review
are summarized in Section 10.

2. General Considerations

In order to clarify the notation used throughout this paper
and the type of location cues used to perform the localization
task, Figure 1 shows a general WASN with a set of wireless
nodes and an emitting sound source. It is assumed that the
network consists of𝑀 nodes and that each node incorporates𝑁microphones. In the example shown in Figure 1,𝑀 = 3 and𝑁 = 3.The nodes are assumed to be located at positions q𝑚 =[𝑞𝑥,𝑚, 𝑞𝑦,𝑚, 𝑞𝑧,𝑚]𝑇, 𝑚 = 1, . . . ,𝑀, while the microphone
locations are denoted asm(𝑚)

𝑖 = [𝑥(𝑚)𝑖 , 𝑦(𝑚)𝑖 , 𝑧(𝑚)𝑖 ]𝑇, 𝑖 = 1, . . . ,𝑁, where the superscript (𝑚) identifies the node at which
the microphone is located. The source position is denoted
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as x𝑠 = [𝑥𝑠, 𝑦𝑠, 𝑧𝑠]𝑇, while a general point in space is x =[𝑥, 𝑦, 𝑧]𝑇. Note that all these location vectors are referenced
to the same absolute coordinate system. The distance from
any microphone to the sound source is denoted as 𝑟(𝑚)𝑖 , while
the time it takes the sound wave to travel from the source to
a microphone, that is, the time of flight (TOF), is denoted
by 𝜂(𝑚)𝑖 . The time instant at which the source signal arrives
to a given microphone, that is, the TOA, is denoted as 𝜏(𝑚)𝑖 .
TDOAs are denoted by 𝜏(𝑚)𝑖𝑗 and correspond to the observed
TOA differences between pairs of microphones (𝑖𝑗). It is a
common practice to identify different pairs of microphones
by using an index 𝑝 = 1, . . . , 𝑃, where 𝑃 is the total number
of microphone pairs involved in the localization task. The
DOA corresponds to the angle that identifies the direction
relative to the nodemicrophone array that points to the sound
source and is denoted by 𝜃𝑚. Finally, the energy values of
the source signal measured at the nodes are denoted as 𝑦𝑚.
These are negligible formicrophones located at the samenode
(especially if the nodes are relatively far from the source), so
it is usually assumed that only one energy reading is obtained
for each node.

3. Energy-Based Source Localization

Traditionally, most localization methods for WASNs have
been focused on sound energy measurements. This is moti-
vated by the fact that the acoustic power emitted by targets
usually varies slowly in time. Thus, the acoustic energy time
series does not require as high a sampling rate as the raw
signal time series, avoiding the need for high transmission
rates and accurate synchronization. The energy-based model
was first presented in [25]. In this model, the acoustic energy
decreases approximately as the inverse of the square of the
source to sensor distance. Without loss of generality, it will
be assumed in this section that the node locations determine
the microphone positions and that nodes only incorporate
one microphone (𝑀 = 𝑁). Note that, as opposed to time
delaymeasurements, the differences in energymeasurements
obtained from different microphones at the same node are
negligible.

3.1. Energy-Decay Model. Assuming that there is only one
source active, the acoustic intensity signal received by the 𝑖th
sensor at a time interval 𝑙 is modeled as [25]

𝑦𝑖 (𝑙) = 𝑔𝑖 𝐼 (𝑙 − 𝜂𝑖)𝑟2𝑖 + 𝜖𝑖 (𝑙) = 𝑠𝑖 (𝑙) + 𝜖𝑖 (𝑙) , (1)

where 𝑠𝑖(𝑙) is the source intensity at the sensor location, 𝑔𝑖 is
a sensor gain factor, 𝐼(𝑙) denotes the intensity of the source
signal at a distance of one meter from the source, 𝜂𝑖 is the
propagation delay from the source to the sensor, 𝑟𝑖 is the
distance between the sensor and the source, and 𝜖𝑖(𝑙) is an
additive noise component modeled as Gaussian noise. In

practice, for each time interval 𝑙, a set of 𝑇 samples is used
to obtain an energy reading 𝑦𝑖(𝑙) at the sensor:

𝑦𝑖 (𝑙) ≈ 1𝑇
𝑙+𝑇/2∑
𝑙−𝑇/2

𝑥2𝑖 (𝑡) , (2)

where 𝑥𝑖(𝑡) are the samples obtained from the microphone
of the 𝑖th node. In the case when several microphones are
available at each node, the final energy reading is obtained
by averaging the energies computed from each of the micro-
phones.

By assuming that the maximum propagation delay
between any pair of sensors is small compared to𝑇 and taking
into account the averaging effect, 𝜂𝑖 can be neglected for the
energy-decay function, so that

𝑦𝑖 (𝑙) ≈ 𝑔𝑖 𝐼 (𝑙)𝑟2𝑖 + 𝜖𝑖 (𝑙) . (3)

3.2. Energy Ratios. Considering the energy measurements
obtained by a group of 𝑁 sensor nodes, the energy ratio 𝜅𝑖𝑗
between the 𝑖th and the 𝑗th sensors is defined as

𝜅𝑖𝑗 ≜ (𝑦𝑖/𝑦𝑗𝑔𝑖/𝑔𝑗)
−1/2 = x𝑠 −m𝑖

x𝑠 −m𝑗

 = 𝑟𝑖𝑟𝑗 , (4)

where x𝑠 is the location of the source and m𝑖 and m𝑗 are the
locations of the two microphones. For 0 < 𝜅𝑖𝑗 ̸= 1, all the
possible source coordinates x that satisfy (4) must reside on a
hypersphere (sphere if x ∈ R3 or circle if x ∈ R2) described
by

x − c𝑖𝑗
2 = 2𝑖𝑗, (5)

where the center c𝑖𝑗 and the radius 𝑖𝑗 of this hypersphere are
c𝑖𝑗 ≜ m𝑖 − 𝜅2𝑖𝑗m𝑗1 − 𝜅2𝑖𝑗 ,
𝑖𝑗 ≜ 𝜅𝑖𝑗 m𝑖 −m𝑗

1 − 𝜅2𝑖𝑗 .
(6)

In the limiting case, when 𝜅𝑖𝑗 → 1, the solution of (4)
forms a hyperplane betweenm𝑖 andm𝑗:

w𝑇
𝑖𝑗x = 𝜓𝑖𝑗, (7)

where w𝑖𝑗 ≜ m𝑖 −m𝑗 and 𝜓𝑖𝑗 ≜ (1/2)(‖m𝑖‖2 − ‖m𝑗‖2).
By using the energy ratios registered at a pair of sensors,

the potential target location can be restricted to a hypersphere
with center and radius that are functions of the energy ratio
and the two sensor locations. If more sensors are used, more
hyperspheres can be determined. If all the sensors that receive
the signal from the same target are used, the corresponding
target location hyperspheres must intersect at a particular
point that corresponds to the source location. This is the
basic idea underlying energy-based source localization. In the
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Figure 2: Example of energy-based localization with three nodes.
The red circle indicates the true source location. Note that due to
measurement noise circles do not intersect at the expected source
location. The center of the contour plots indicates estimated target
location, according to the nonlinear cost function of (9).

absence of noise, it can be shown that for 𝑁 measurements
only𝑁−1 of the total𝑁(𝑁−1)/2 ratios are independent, and
all the corresponding hyperspheres intersect at a single point
for four or more sensor readings. For noisy measurements,
however, more than𝑁− 1 ratios may be used for robustness,
and the unknown source location x𝑠 is estimated by solving
a nonlinear least squares problem, as explained in the next
subsection. As an example, Figure 2 shows a 2D setup with
three sensors and the circles resulting from noisy energy
ratios.

3.3. Localization through Energy Ratios. Given 𝑁 sensor
nodes providing 𝑃 = 𝑁(𝑁−1)/2 energy ratios, the following
least squares optimization problem can be formulated:

𝐽(ER)NLS (x) = 𝑃1∑
𝑝1=1

x − c𝑝1
 − 𝑝1 2 + 𝑃2∑

𝑝2=1

w𝑇
𝑝2
x − 𝜓𝑝2

2 , (8)

x̂(ER-NLS)𝑠 = argminx 𝐽(ER)NLS (x) , (9)

where 𝑃1 is the number of hyperspheres and 𝑃2 is the number
of hyperplanes (𝜅𝑖𝑗 close to 1), with corresponding indices 𝑝1
and𝑝2 indicating the associated sensor pairs (𝑖𝑗) (𝑃 = 𝑃1+𝑃2).
Note that the above cost function is nonlinear with respect to
x, resulting in the energy-ratio nonlinear least squares (ER-
NLS) problem. It can be shown that minimizing this cost
function leads to an approximate solution for the maximum
likelihood (ML) estimate. A set of strategies were proposed
in [26] to minimize 𝐽(ER)NLS (x) by using the complete set of
measured energy ratios. A popular approach to solve the
problem is the unconstrained least squares method. Since
every pair of hyperspheres (with double indices 𝑖𝑗 replaced by
a single pair index for the sake of brevity) ‖x− c𝑚‖2 = 2𝑚 and

‖x−c𝑛‖2 = 2𝑛, a hyperplane can be determined by eliminating
the common terms:

(c𝑚 − c𝑛)𝑇 x = (c𝑚2 − c𝑛2) − (2𝑚 − 2𝑛)2 . (10)

The combination of (7) with (10) leads to a least squares
optimization problemwithout inconvenient nonlinear terms,
known as the energy-ratio least squares (ER-LS) method,
with cost function:

𝐽(ER)LS (x) = 𝑃1∑
𝑝1=1

u𝑇𝑝1x − 𝜁𝑝1 2 + 𝑃2∑
𝑝2=1

w𝑇
𝑝2
x − 𝜓𝑝2

2 , (11)

where

u𝑖𝑗 ≜ 2m𝑖1 − 𝜅2𝑖 − 2m𝑗1 − 𝜅2𝑗 ,
𝜁𝑖𝑗 ≜ m𝑖

21 − 𝜅2𝑖 − m𝑗

21 − 𝜅2𝑗 .
(12)

The closed-form solution of the above unconstrained
least squares formulation makes this method computation-
ally attractive; however, it does not reach the Cramer-Rao
bound. In [27], energy-based localization is formulated as
a constrained least squares problem, and some well-known
least squares methods for closed-form TDOA-based loca-
tion estimation are applied, namely, linear intersection [28],
spherical intersection [29], sphere interpolation (SI) [30], and
subspaceminimization [31]. In [32], an algebraic closed-form
solution is presented that reaches the Cramer-Rao bound for
Gaussian measurement noise as the SNR tends to infinite.
The authors in [33] formulated the localization problem as a
convex feasibility problem and proposed a distributed version
of the projection onto convex sets method. A discussion of
least squares approaches is provided in [19], presenting a
low-complexity weighted direct least squares formulation. A
recent review of energy-based acoustic source localization
methods can be found in [18].

4. TOA-Based Localization

Typically, a WASN sound source location setup assumes
that there is a sound-emitting source and a collection of
fixed microphone anchor nodes placed at known positions.
When the sound source emits a given signal, the different
microphone nodes will estimate the time of arrival (TOA) or
time of flight (TOF) of the sound. These two terms may not
be equivalent under some situations. The TOF measures the
time that it takes for the emitted signal to travel the distance
between the source and the receiving node; that is,

𝜂𝑖 ≜ 1𝑐 m𝑖 − x𝑠
 . (13)

In fact, when utilizing TOA measurements for source
localization, it is often assumed that the source and sensor
nodes cooperate such that the signal propagation time can
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be detected at the sensor nodes. However, such collaboration
between sources and sensor nodes is not always available.
Thus, without knowing the initial signal transmission time at
the source, fromTOAalone, the sensor is unable to determine
the signal propagation time.

In the more general situation when unknown acoustic
signals such as speech or unexpected sound events are to be
localized, the relation between distances and TOAs can be
modeled as follows:

𝜏𝑖 = 𝜂𝑖 + 𝑡𝑠 + 𝜖𝑖, (14)

where 𝑡𝑠 is an unknown transmission time instant and 𝜖𝑖 is
the TOA measurement noise. Note that the time 𝑡𝑠 appears
due to the fact that typical sound sources do not encode a
time stamp in their transmitted signal to indicate the starting
transmission time to the sensor nodes and, moreover, there
is not any underlying synchronization mechanism. Hence,
the sensor nodes can only measure the signal arrival time
instead of the propagation time or TOF. One way to tackle
this problem is to exploit the difference of pairwise TOA
measurements, that is, time difference of arrival (TDOA), for
source localization (see Section 5). Although the dependence
on the initial transmission time is eliminated by TDOA, the
measurement subtraction strengthens the noise. To overcome
such problems, some works propose methods to estimate
both the source location and initial transmission time jointly
[34].

When the TOA and the TOF are equivalent (i.e., 𝜏𝑖 = 𝜂𝑖),
for example, because there are synchronized sound-emitting
nodes, the source-to-node distances can be calculated using
the propagation speed of sound [35]. This may require an
initial calibration process to determine factors that have a
strong influence on the speed of sound. The computation of
the source location can be carried out in a central node by
using the estimated distances and solving the trilateration
problem [36]. Trilateration is based on the formulation of
one equation for each anchor that represents the surface of
the sphere (or circle) centered at its position, with a radius
equal to the estimated distance to the sound source. The
solution to this series of equations finds the point where
all the spheres intersect. For 2D localization, at least three
sensors are needed, while one more sensor is necessary to
obtain a 3D location estimate.

4.1. Trilateration. Let us consider a set of𝑁 sensor TOAmea-
surements 𝜏𝑖 that are transformed to distances by assuming a
known propagation speed:

𝑟𝑖 = 𝑐 ⋅ 𝜏𝑖, (15)

where 𝑐 is the speed of sound (343m/s). Then, the following
system of equations can be formulated:

m𝑖 − x𝑠
2 = 𝑟2𝑖 𝑖 = 1, . . . , 𝑁. (16)

Each equation in (16) represents a circle inR2 or a sphere
in R3, centered atm𝑖 with a radius 𝑟𝑖. Note that the problem
is the same as the one given by (5). Thus, solving the above
system is equivalent to finding the intersection point/points

of a set of circles/spheres. Again, the trilateration problem is
not straightforward to solve due to the nonlinearity of (16)
and the errors in m𝑖 and 𝑟𝑖 [37]. A number of algorithms
have been proposed in the literature to solve the trilateration
problem, including both closed form [37, 38] and numerical
solutions. Closed-form solutions have low computational
complexity when the solution of (16) actually exists. However,
most closed-form solutions only solve for the intersection
points of 𝑛 spheres in R𝑛. They do not attempt to determine
the intersection point when 𝑁 > 𝑛, where small errors
can easily cause the involved spheres not to intersect at one
point [39]. It is then necessary to find a good approximation
that minimizes the errors contained in (16) considering the
nonlinear least squares cost function:

𝐽(TOA)NLS (x) = 𝑁∑
𝑖=1

(m𝑖 − x − 𝑟𝑖)2 ,
x̂(TOA-NLS)𝑠 = argminx 𝐽(TOA)NLS (x) .

(17)

Numerical methods are in general necessary to estimate
x̂(TOA-NLS)𝑠 . However, compared with closed-form solutions,
numerical methods have higher computational complexity.
Some numerical methods are based on a linearization of the
trilateration problem [40–42], introducing additional errors
into position estimation. Common numerical techniques
such as Newton’s method or steepest descent have also
been proposed [38, 40, 41]. However, most of these search
algorithms are very sensitive to the choice of the initial guess,
and a global convergence towards the desirable solution is not
guaranteed [39].

4.2. Estimating TOAs of Acoustic Events. As already dis-
cussed, localizing acoustic sources from TOAmeasurements
only is not possible due to the unknown source emission
time of acoustic events. If the sensors are synchronized, the
differences of TOA measurements can be used to cancel out
the common term 𝑡𝑠, so that a set of TDOAs are obtained
and used as discussed in Section 5. A low-complexitymethod
to estimate the TOAs from acoustic events in WASNs was
proposed in [43], where the cumulative-sum (CUSUM)
change detection algorithm is used to estimate the source
onset times at the nodes. The CUSUM method is a low-
complexity algorithm that allows estimating change detection
instants by maximizing the following log-likelihood ratio:

𝜏𝑖 = arg max
1≤𝜏≤𝑘

𝑘∑
𝑡=𝜏

ln(𝑝 (𝑥𝑖 (𝑡) , 𝜃1)𝑝 (𝑥𝑖 (𝑡) , 𝜃0)) . (18)

The probability density function of each sample is given
by 𝑝(𝑥𝑖(𝑡), 𝜃), where 𝜃 is a deterministic parameter (not to
be confused with the DOA of the source). The occurrence
of an event is modeled by an instantaneous change in 𝜃, so
that 𝜃 = 𝜃0 before the event at 𝑡 = 𝜏𝑖 and 𝜃 = 𝜃1 when𝑡 ≥ 𝜏𝑖. To simplify calculations at the nodes, the samples
before the acoustic event are assumed to belong exclusively to
aGaussian noise component of variance𝜎20 , while the samples
after the event are also normally distributed with variance
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Figure 3: Node communication steps in CUSUM-based TOA estimation. (a) One of the nodes detects the sound event and sends an event
warning alert to the other nodes. (b) The nodes estimate their TOAs and send it to a central node.

𝜎21 > 𝜎20 . These variances are estimated from the beginning
and tail of a window of samples where the nodes have strong
evidence that an acoustic event has happened.The advantage
of this approach is twofold. On the one hand, the estimation
of the distribution parameters is more accurate. On the other
hand, the CUSUM change detection algorithm needs only to
be runwhen an acoustic event has actually occurred, allowing
significant battery savings in the nodes. The detection of
acoustic events is performed by assuming that, at least, one
of the nodes has the sufficient SNR to detect the event by a
simple amplitude threshold. The node (or nodes) detecting
the presence of the event will notify the rest by sending an
event warning alert in order to let them know that they must
run the CUSUM algorithm over a window of samples (see
Figure 3). The amplitude threshold selection is carried out by
setting either the probability of detection or the probability
of false alarm given an initial estimate of the ambient noise
variance 𝜎20 . Note that synchronization issues still persist (all𝜏𝑖 must have a common time reference), so that the nodes
exchange synchronization information by using MAC layer
time stamping in the deployment discussed in [43].

5. TDOA-Based Localization

When each sensor consists of multiple microphones, local-
ization can be accomplished in an efficient way demanding
as much as possible of the processing to each node and
then combining measurements to yield the localization at
the central node. When nodes are connected through low
bitrate channels and no synchronization of the internal clocks

is guaranteed, this strategy becomes a must. Among all the
possible measurements, a possible solution can be found in
the time difference of arrival (TDOA).

5.1. TDOA and Generalized Cross Correlation. Consider the
presence of𝑀 nodes in the network. For reasons of simplicity
in the notation, all nodes are equipped with𝑁microphones.
The TDOA refers to the difference of propagation time from
the source location to pairs of microphones. If the source is
located at x𝑠, and the 𝑖th microphone in the 𝑚th sensor is at
m(𝑚)

𝑖 𝑖 = 1, . . . , 𝑁, the TDOA is related to the difference of the
ranges from the source to the microphones 𝑖 and 𝑗 through
𝜏(𝑚)𝑖𝑗 = 𝑟(𝑚)𝑖𝑗𝑐 = x𝑠 −m(𝑚)

𝑖

 − x𝑠 −m(𝑚)
𝑗

𝑐 ,
𝑖 = 1, . . . , 𝑁, 𝑗 = 1, . . . , 𝑁, 𝑖 ̸= 𝑗, 𝑚 = 1, . . . ,𝑀.

(19)

Throughout the rest of this subsection we will consider
pairs of microphones within the same node, so we will omit
the superscript (𝑚) of the sensor. The estimate 𝜏𝑖𝑗 of the
TDOA 𝜏𝑖𝑗 can be accomplished performing the generalized
cross correlation (GCC) between the signals acquired by
microphones at m𝑖 and m𝑗, as detailed in the following.
Under the assumption of working in an anechoic scenario
and in a single source context, the discrete-time signal
acquired by the 𝑖th microphone is

𝑥𝑖 (𝑡) = 𝛼𝑖𝑠 (𝑡 − 𝜂𝑖) + 𝜖𝑖 (𝑡) , 𝑖 = 1, . . . , 𝑁, (20)

where 𝛼𝑖 is a microphone-dependent attenuation term that
accounts for the propagation losses and air absorption, 𝑠(𝑡)
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is the source signal, 𝜂𝑖 is the propagation delay between
the source and the 𝑖th microphone, and 𝜖𝑖(𝑡) is an additive
noise signal. In the discrete-time Fourier transform (DTFT)
domain, the microphone signals can be written as

𝑋𝑖 (𝜔) = 𝛼𝑖𝑆 (𝜔) 𝑒−𝑗𝜔𝜂𝑖 + 𝐸𝑖 (𝜔) , 𝑖 = 1, . . . , 𝑁, (21)

where 𝑆(𝜔) and 𝐸𝑖(𝜔) are the DTFTs of 𝑠(𝑡) and 𝜖𝑖(𝑡), respec-
tively, and 𝜔 ∈ R denotes normalized angular frequency.

Given the pair of microphones 𝑖 and 𝑗, with 𝑖 ̸= 𝑗, the
GCC between 𝑥𝑖(𝑡) and 𝑥𝑗(𝑡) can be written as [10]

𝑅𝑖𝑗 (𝜏) ≜ 12𝜋 ∫𝜋

−𝜋
𝑋𝑖 (𝜔)𝑋∗

𝑗 (𝜔)Ψ𝑖𝑗 (𝜔) 𝑒𝑗𝜔𝜏𝑑𝜔, (22)

where𝑋𝑖(𝜔) is the DTFT of 𝑥𝑖(𝑡), ∗ is the conjugate operator,
and Ψ𝑖𝑗(𝜔) is a suitable weighting function.

The TDOA from the pair (𝑖𝑗) is estimated as

𝜏𝑖𝑗 = argmax𝜏 𝑅𝑖𝑗 (𝜏)𝐹𝑠 , (23)

where 𝐹𝑠 is the sampling frequency. The goal of Ψ𝑖𝑗(𝜔) is to
make 𝑅𝑖𝑗(𝜏) sharper so that the estimate in (23) becomes
more accurate. One of the most common choices is to use the
PHAse Transform (PHAT) weighting function; that is,

Ψ𝑖𝑗 (𝜔) = 1𝑋𝑖 (𝜔)𝑋∗
𝑗 (𝜔) . (24)

In an array of𝑁microphones, the complete set of TDOAs
counts𝑁(𝑁 − 1)/2measures. If these are not affected by any
sort of measurement error, it can be easily demonstrated that
only𝑁−1 of them are independent, the others being a linear
combination of them. It is common practice, therefore, to
adopt a reference microphone in the array and to measure𝑁 − 1 TDOAs with respect to it. We refer to the set of𝑁 − 1 measures as the reduced TDOA set. Without any loss
of generality, for the reduced TDOA set, we can assume the
reference microphone be with index 1, and the TDOAs 𝜏1𝑗 in
the reduced set, for reasons of compactness in the notation,
are denoted with 𝜏𝑗, 𝑗 = 2, . . . , 𝑁.

5.2. TDOA Measurement in Adverse Environments. It is
important to stress the fact that TDOA measurements are
very sensitive to reverberation, noise, and the presence of
possible interferers: in a reverberant environment, for some
locations and orientation of the source, the peak of the GCC
relative to a reflective path could overcome that of the direct
path.Moreover, in a noisy scenario, for some time instants the
noise level could exceed the signal, thus making the TDOAs
unreliable. As a result, some TDOAs must be considered
outliers and must be discarded from the measurement set
before localization (as in the example shown in Figure 4).

Several solutions have been developed in order to alle-
viate the impact of outliers in TDOAs. It has been observed
that GCCs affected by reverberation and noise do not exhibit
a single sharp peak. In order to identify outliers, therefore,
some works analyze the shape of the GCC from which
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Figure 4: Examples of GCCs measured for pairs of microphones
within the same node. It is possible to observe that for most of
the above GCCs the measured TDOA (Peak) is very close to the
ground truth (GT).This does not happen for one measurement, due
to reverberation. Note also that TDOA values have been mapped to
range differences.

they were extracted. In [12], authors propose the use of the
function

𝜌𝑖𝑗 ≜ ∑𝜏∈D𝑖𝑗
𝑅𝑖𝑗 (𝜏)2∑𝜏∉D𝑖𝑗
𝑅𝑖𝑗 (𝜏)2 , (25)

to detect GCCs affected by outliers. More specifically, the
numerator sums the “power” of the GCC samples within
the interval D𝑖𝑗 centered around the candidate TDOA and
compares it with the energy of the remaining samples.
When 𝜌𝑖𝑗 overcomes a prescribed threshold, the TDOA is
considered reliable. Twometrics of the GCC shape have been
proposed in [13, 44]. The first one considers the value of
the GCC at the maximum peak location, while the second
compares the highest peak with the second highest one.
When both metrics overcome prescribed thresholds, the
GCC is considered reliable.

Another possible route to follow is described in [11] and
is based on the observation that TDOAs along closed paths
of microphones must sum to zero (zero-sum condition) and
that there is a relationship between the local maxima of the
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autocorrelation and cross correlation of the microphone sig-
nals (raster condition).The zero-sum condition onminimum
length paths of three microphones with indexes 𝑖, 𝑗, and 𝑘, in
particular, states that

𝜏𝑖𝑗 + 𝜏𝑗𝑘 + 𝜏𝑘𝑖 = 0. (26)

By imposing zero-sumand raster conditions, authors demon-
strate that they are able to disambiguate TDOAs in the case
of multiple sources in reverberant environments.

In [17] authors combine different approaches. A redun-
dant set of candidate TDOAs is selected by identifying
local maxima of the GCCs. A first selection is operated by
discardingTDOAs that do not honor the zero-sumcondition.
A second selection step is based on three quality metrics
related to the shape of the GCC. The third final step is based
on the inspection of the residuals of the source localization
cost function: all the measurements related to residuals
overcoming a prescribed threshold are discarded.

It is important to notice that all the referenced techniques
for TDOA outlier removal do not involve the cooperation of
multiple nodes, with clear advantages in terms of data to be
transmitted.

5.3. Localization through TDOAs. In this section we will
consider the problem of source localization by combining
measurements coming from different nodes. In order to
identify the sensor from which measurements have been
extracted, we will use the superscript (𝑚). From a geometric
standpoint, given a TDOA estimate 𝜏(𝑚)𝑖𝑗 , the source is bound
to lie on a branch of hyperbola (hyperboloid in 3D), whose
foci are in m(𝑚)

𝑖 and m(𝑚)
𝑗 , and whose vertices are 𝑐𝜏(𝑚)𝑖𝑗 far

apart. If source andmicrophones are coplanar, the location of
the source can be ideally obtained by intersecting two ormore
hyperbolas [14], as in Figure 5 and some primitive solutions
for source localization rely on this idea. It is important to
notice that when the source is sufficiently far from the node,
the branch of hyperbola can be confused with its asymptote:
in this case the TDOA is informative only with respect to
the direction towards which the source is located and not its
distance from the array. In this context it is more convenient
to work with DOAs (see Section 6).

In general, intersecting hyperbolas is a strongly nonlinear
problem, with obvious negative consequences on the compu-
tational cost and the sensitivity to noise in themeasurements.
In [12] a solution is proposed to overcome this issue, which
relies on a projective representation. The hyperbola derived
from theTDOA 𝜏(𝑚)𝑖𝑗 atmicrophonesm(𝑚)

𝑖 andm(𝑚)
𝑗 is written

as

𝑎(𝑚)𝑖𝑗 𝑥2 + 𝑏(𝑚)𝑖𝑗 𝑥𝑦 + 𝑐(𝑚)𝑖𝑗 𝑦2 + 𝑑(𝑚)𝑖𝑗 𝑥 + 𝑒(𝑚)𝑖𝑗 𝑦 + 𝑓(𝑚)
𝑖𝑗 = 0, (27)

where the coefficients 𝑎(𝑚)𝑖𝑗 , 𝑏(𝑚)𝑖𝑗 , 𝑐(𝑚)𝑖𝑗 , 𝑑(𝑚)𝑖𝑗 , 𝑒(𝑚)𝑖𝑗 , 𝑓(𝑚)
𝑖𝑗 are

determined in closed form bym(𝑚)
𝑖 ,m(𝑚)

𝑗 , and 𝜏(𝑚)𝑖𝑗 . Equation
(27) represents a constraint on the source location. In the

xs

mk
(l)

mm
(l)

mj
(l)

Figure 5: The source lies at the intersection of hyperbolas obtained
from TDOAs.

presence of noise, the constraint is not honored and a residual
can be defined as

𝜀(𝑚)𝑖𝑗 (x) = V(𝑚)𝑖𝑗 (𝑎(𝑚)𝑖𝑗 𝑥2 + 𝑏(𝑚)𝑖𝑗 𝑥𝑦 + 𝑐(𝑚)𝑖𝑗 𝑦2 + 𝑑(𝑚)𝑖𝑗 𝑥
+ 𝑒(𝑚)𝑖𝑗 𝑦 + 𝑓(𝑚)

𝑖𝑗 ) , (28)

where V(𝑚)𝑖𝑗 = 1 for all the TDOAs that have been found
reliable and 0 otherwise. The residuals are stacked in the
vector 𝜀(x), and the source is localized byminimizing the cost
function

𝐽(TDOA)
HYP (x) = 𝜀 (x)𝑇 𝜀 (x) . (29)

If TDOA measurements are affected by additive white Gaus-
sian noise, it is easy to demonstrate that (29) is proportional
to the ML cost function.

It has been demonstrated that a simplification of the
localization cost function can be brought if a reference
microphone is adopted, at the cost of the nodes sharing a
common clock. Without loss of generality, we assume the
reference to be the first microphone in the first sensor (i.e.,𝑖 = 1 and𝑚 = 1), andwe also setm(1)

1 = 0; that is, the origin of
the reference frame coincides with the referencemicrophone.
Moreover, we can drop the array index 𝑚 upon assigning a
global index to the microphones in different sensors, ranging
from 𝑗 = 1 to 𝑗 = 𝑁𝑀. In this context, it is possible to
linearize the localization cost function, as shown in the next
paragraphs. By rearranging the terms in (19) and setting 𝑖 = 1,
it is easy to derive

x𝑠 − 𝑟𝑗 = x𝑠 −m𝑗

 , (30)

where 𝑟𝑗 = 𝑐𝜏𝑗. In [45] it has been proposed to represent
the source localization problem in the space-range reference
frame: a point x = [𝑥, 𝑦]𝑇 in space is mapped onto the 3D
space-range as |x𝑇, 𝑟]𝑇 where

𝑟 = x𝑠 − x − x𝑠 . (31)
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Figure 6: In the space-range reference frame the source is a point
on the surface of the cone 𝐶𝑠 and closest to the cones 𝐶𝑖.

We easily recognize that, in absence of noise and measure-
ment errors, 𝑟 is the range difference relative to the source in
x𝑠 between the reference microphone and a microphone in x.
If we replace

𝑟𝑠 = − x𝑠 , (32)

we can easily interpret (30) as the equation of a negative
half-cone 𝐶𝑗 in the space-range reference frame, whose apex
is [m𝑇

𝑗 , 𝑟𝑗]𝑇, and with aperture 𝜋/4, and the source point[x𝑇𝑠 , 𝑟𝑇𝑠 ] lies on it. Equation (30) can be iterated for 𝑗 = 2, . . . ,𝑁×𝑀, and the source is bound to lie on the surface of all the
cones.Moreover, the range 𝑟𝑠 of the source from the reference
microphone must honor the constraint

𝑟𝑠 = − x𝑠 , (33)

which is the equation of a cone 𝐶𝑠 whose apex is in [m𝑇
1 , 0]𝑇

and with aperture 𝜋/4. The ML source estimate, therefore, is
the point on the surface of the cone in (33) closest to all the
cones defined by (30), as represented in Figure 6.

By squaring both members of (30) and recognizing that

𝑥2𝑠 + 𝑦2𝑠 − 𝑟2𝑠 = 0, (34)

(30) can be rewritten as

𝑥𝑗𝑥𝑠 + 𝑦𝑗𝑦𝑠 − 𝑟𝑗𝑟𝑠 − 12 (𝑥2𝑗 + 𝑦2𝑗 − 𝑟2𝑗 ) = 0, (35)

which is the equation of a plane in the space-range reference
frame, on which the source is bound to lie. Under error in the
range difference estimate 𝑟𝑗, (35) is not satisfied exactly, and
therefore a residual can be defined as

𝑒𝑗 = 𝑥𝑗𝑥𝑠 + 𝑦𝑗𝑦𝑠 − 𝑟𝑗𝑟𝑠 − 12 (𝑥2𝑗 + 𝑦2𝑗 − 𝑟2𝑗 ) . (36)

Based upon the definition of 𝑒𝑗, the LS spherical cost function
is given by [46]

𝐽(TDOA)
SP (x𝑠, 𝑟𝑠) = 𝑁𝑀∑

𝑗=2

𝑒2𝑗 . (37)

Most LS estimation techniques adopt this cost function and
they differ only for the additional constraints. The Uncon-
strained Least Squares (ULS) estimator [16, 30, 31, 47, 48]
localizes the source as

x̂(ULS)𝑠 = argminx𝑠 ,𝑟𝑠
𝐽(TDOA)
SP (x𝑠, 𝑟𝑠) . (38)

It is important to notice that the absence of any explicit
constraint that relates x𝑠 and 𝑟𝑠 provides inmany applications
a poor localization accuracy. Constrained Least Squares
techniques, therefore, reintroduce this constraint as

x̂(CLS)𝑠 = argminx𝑠 ,𝑟𝑠
𝐽(TDOA)
SP (x𝑠, 𝑟𝑠)

subject to 𝑟𝑠 = − x𝑠 . (39)

Based on (39), Spherical Intersection [29], Least Squares with
Linear Correction [49], and Squared Range Difference Least
Squares [15] estimators have been proposed, which differ
for the minimization procedure, ranging from iterative to
closed-form solutions. It is important to notice, however,
that all these techniques assume the presence of a global
reference microphone and synchronization valid for all the
nodes. Alternative solutions that overcome this technological
constraint have been proposed in [17, 50]. Here the concept of
cone propagation in the space-range reference has been put
at advantage. In particular, in [50], the propagation cone is
defined slightly different from the one defined in (30): the
apex is in the source and 𝑟𝑠 = 0. As a consequence, in absence
of synchronization errors, all the points [x(𝑚)𝑇𝑗 , 𝑟(𝑚)𝑗 ]𝑇. 𝑗 =1, . . . , 𝑁, 𝑚 = 1, . . . ,𝑀 must lie on the surface of the
propagation cone. If a sensor exhibits a clock offset, its
measurements will be shifted along the range axis. The shift
can be expressed as a function of the source location, and
therefore it can be included in the localization cost function
at a cost of some nonlinearity. The extension to the 3D
localization cost function was then proposed in [17].

6. DOA-Based Localization

When each node in the WASN incorporates multiple micro-
phones, the location of an acoustic source can be estimated
based on direction of arrival (DOA), also known as bearing,
measurements. Although, such approaches require increased
computational complexity in the nodes—in order to perform
the DOA estimation—they can attain very low-bandwidth
usage as only DOA measurements need to be transmitted
in the network. Moreover, they can tolerate unsynchronized
input given that the sources are static or that they move
at a rather slow rate relative to the analysis frame. DOA
measurements describe the direction from which sound is
propagating with respect to a sensor in each time instant and
are an attractive approach to location estimation also due to
the ease in which such estimates can be obtained: a variety
of broadband DOA estimation methods for acoustic sources
are available in the literature, such as the broadband MUSIC
algorithm, [51] the ESPRIT algorithm [52], Independent
Component Analysis (ICA) methods [53], or Sparse Compo-
nent Analysis (SCA) methods [54]. When the microphones
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Figure 7: Triangulation using DOA estimates (𝜃1–𝜃4) in aWASN of
4 nodes (blue circles, numbered 1 to 4) and one active sound source
(red circle).

at the nodes follow a specific geometry, for example, circular,
methods such as Circular Harmonics Beamforming (CHB)
[55] can also be applied.

In the sequel, we will first review DOA-based localization
approaches when a single source is active in the acoustic envi-
ronment.Then, we will present approaches for localization of
multiple simultaneously active sound sources. Finally, we will
discuss methods to jointly estimate the locations as well as
the number of sources, a problem which is known as source
counting.

6.1. Single Source Localization through DOAs. In the single
source case, the location can be estimated as the intersection
of bearing lines (i.e., lines emanating from the locations of
the sensors at the directions of the sensors’ estimated DOAs),
a method which is known as triangulation. An example of
triangulation is illustrated in Figure 7. The problem closely
relates to that of target motion analysis, where the goal
is to estimate the position and velocity of a target from
DOAmeasurements acquired by a single moving or multiple
observers. Hence, many of the methods were proposed for
the target motion analysis problem but outlined here in the
context of sound source localization in WASNs.

Considering a WASN of 𝑀 nodes at locations q𝑚 =[𝑞𝑥,𝑚 𝑞𝑦,𝑚]𝑇, the function that relates a location x = [𝑥 𝑦]𝑇
with its true azimuthal DOA estimate at node𝑚 is

𝜃𝑚 (x) = arctan(𝑦 − 𝑞𝑦,𝑚𝑥 − 𝑞𝑥,𝑚) , (40)

where arctan(⋅) is the four-quadrant inverse tangent function.
Note that we deal with the two-dimensional location esti-
mation problem; that is, only the azimuthal angle is needed.
When information about the elevation angle is also available,
location estimation can be extended to the three-dimensional
space.

4 3

1 2
1

2

34

Figure 8: Triangulation using DOA estimates contaminated by
noise (𝜃1–𝜃4) in a WASN of 4 nodes (blue circles, numbered 1 to
4) and the estimated location of the sound source (red circle).

In any practical case, however, the DOA estimates 𝜃𝑚,𝑚 = 1, . . . ,𝑀, will be contaminated by noise and tri-
angulation will not be able to produce a unique solution,
craving for the need of statistical estimators to optimally
tackle the triangulation problem. This scenario is illustrated
in Figure 8. When the DOA noise is assumed to be Gaussian,
the ML location estimator can be derived by minimizing the
nonlinear cost function [56, 57]:

𝐽(DOA)
ML (x) = 𝑀∑

𝑚=1

1𝜎2𝑚 (𝜃𝑚 − 𝜃𝑚 (x))2 , (41)

where 𝜎2𝑚 is the variance of DOA noise at the 𝑚th sensor.
As information about the DOA error variance at the

sensors is rarely available in practice, (41) is usually modified
to

𝐽(DOA)
NLS (x) = 𝑀∑

𝑚=1

(𝜃𝑚 − 𝜃𝑚 (x))2 , (42)

which is termed as nonlinear least squares (NLS) [58] cost
function. Minimizing (42) results in the ML estimator, when
the DOA noise variance is assumed to be the same at all
sensors.

While asymptotically unbiased, the nonlinear nature of
the above cost functions requires numerical search methods
for minimization, which comes with increased computa-
tional complexity compared to closed-form solutions and
can become vulnerable to convergence problems under bad
initialization, poor geometry between sources and sensors,
high noise, or insufficient number of measurements. To
surpass some of these problems, some methods form geo-
metrical constraints between the measured data and result in
better convergence properties than the maximum likelihood
estimator [59] or try to directly minimize the mean squared
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location error [60] instead of minimizing the total bearing
error in (41) and (42).

Other approaches are targeted at linearizing the above
nonlinear cost functions. Stansfield [61] developed aweighted
linear least squares estimator based on the cost function
of (41) under the assumption that range information 𝑟𝑚 is
available and DOA errors are small. Under the small DOA
errors assumption 𝜃𝑚−𝜃𝑚(x) can be approximated by sin(𝜃𝑚−𝜃𝑚(x)) and the ML cost function can be modified to

𝐽(DOA)
ST (x) = 12 (Ax − b)𝑇W−1 (Ax − b) , (43)

where

A = [[[[[

sin 𝜃1 − cos 𝜃1... ...
sin 𝜃𝑀 − cos 𝜃𝑀

]]]]]
,

b = [[[[[

𝑞𝑥,1 sin 𝜃1 − 𝑞𝑦,1 cos 𝜃1...
𝑞𝑥,𝑀 sin 𝜃𝑀 − 𝑞𝑦,𝑀 cos 𝜃𝑀

]]]]]
,

W = [[[[[[[

𝑟21𝜎21 0
𝑟22𝜎22

d

0 𝑟2𝑀𝜎2𝑀

]]]]]]]
,

(44)

which is linear and has a closed-form solution:

x̂(ST)𝑠 = (A𝑇W−1A)−1 A𝑇W−1b. (45)

When range information is not available, the weight
matrix W can be replaced by the identity matrix. In this
way, the Stansfield estimator is transformed to the orthogonal
vectors estimator, also known as the pseudolinear estimator
[62]:

x̂(OV)𝑠 = (A𝑇A)−1 A𝑇b. (46)

While simple in their implementation and computation-
ally very efficient due to their closed-form solution, these
linear estimators suffer from increased estimation bias [63].
A comparison between the Stansfield estimator and the ML
estimator in [64] reveals that the Stansfield estimator provides
biased estimates. Moreover, the bias does not vanish even for
a large number of measurements. To reduce that bias various
methods have been proposed based on instrumental variables
[65–67] or total least squares [57, 68].

Motivated by the need for computational efficiency, the
intersection point method [69] is based on finding the
location of a source by taking the centroid of the intersections
of pairs of bearing lines. The centroid is simply the mean
of the set of intersection points and minimizes the sum of
squared distances between itself and each point in the set.

To increase robustness in poor geometrical conditions, the
method incorporates a scheme of identifying and excluding
outliers that occur from the intersection of pairs of bearing
lines that are almost parallel. Nonetheless, the performance
of the method is very similar to that of the pseudolinear
estimator.

To attain the accuracy of nonlinear least squares estima-
tors and improve their computational complexity, the grid-
based (GB) method [70, 71] is based on making the search
space discrete by constructing a grid G of 𝑁𝑔 grid points
over the localization area. Moreover, as the measurements
are angles, the GB method proposes the use of the Angular
Distance—taking values in the range of [0, 𝜋]—as a more
proper measure of similarity than the absolute distance of
(42).TheGBmethod estimates the source location by finding
the grid point whose DOAsmost closely match the estimated
DOAs from the sensors by solving

𝐽(DOA)
GB (x) = 𝑀∑

𝑚=1

[𝐴 (𝜃𝑚, 𝜃𝑚 (x))]2 , (47)

x̂(GB)𝑠 = argmin
x∈G

𝐽(DOA)
GB (x) , (48)

where 𝐴(⋅, ⋅) denotes the angular distance between the two
arguments.

To eliminate the location error introduced by the discrete
nature of this approach, a very dense grid (high 𝑁𝑔) is
required. The search for the best grid point is performed in
an iterative manner: it starts with a coarse grid (low value
of 𝑁𝑔) and once the best grid point is found—according to
(47)—a new grid centered on this point is generated, with
a smaller spacing between grid points but also a smaller
scope. Then, the best grid point in this new grid is found
and the procedure is repeated until the desired accuracy is
obtained, while keeping the complexity under control, as it
does not require an exhaustive search over a large number
of grid points. In [70] it is shown that the GB method is
muchmore computationally efficient than the nonlinear least
squares estimators and attains the same accuracy.

6.2. Multiple Source Localization. When considering mul-
tiple sources, a fundamental problem is that the correct
association of DOAs from the nodes to the sources is
unknown. Hence, in order to perform triangulation, one
must first estimate the correct DOA combinations from
the nodes that correspond to the same source. The use of
DOAs that belong to different sources will result in “ghost”
sources, that is, locations that do not correspond to real
sources, thus severely affecting localization performance.
This is known as the data-association problem. The data-
association problem is illustratedwith an example in Figure 9:
in aWASNwith twonodes (blue circles) and two active sound
sources (red circles), let the solid lines show the DOAs to
the first source and the dashed lines show the DOAs to the
second source. Intersecting the bearing lines will result in 4
intersection points: the red circles, that correspond to the true
sources’ locations and are estimated by using the correctDOA
combinations (i.e., the DOAs from the node that correspond
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1 2

Figure 9: Illustration of the data-association problem. A two-
node WASN with two active sound sources. The solid lines show
the DOAs to the first source, while the dashed lines show the
DOAs to the second source. Intersecting the bearing lines from
the sensors will result in 4 possible intersection points: the true
sources’ locations (red circles) that are estimated by using the correct
combination of DOAs and the “ghost” sources (white circles) that
are the results of using the erroneous DOA combinations.

to the same source) and the white circles that are the result of
using the erroneous DOA combinations (“ghost” sources).

Also, with multiple active sources, some arrays might
underestimate their number, especially when some nodes
are far from some sources or when the sources are close
together in terms of their angular separation [54]. Thus,
missed detections can occur, meaning that the DOAs of some
sources from some arrays may be missing. As illustrated in
[72], missed detections can occur very often in practice. In
the sequel, we review approaches for the data-association and
localization problem of multiple sources whose number is
assumed to be known.

Some approaches tried to tackle the data-association
problem by enumerating all possible DOA combinations
from the sensors and deciding on the correct DOA com-
binations based on the resulting location estimates from
all combinations. In general, if 𝐶𝑠 denotes the number of
sensors that detected 𝑠 sources, the number of possible DOA
combinations is

𝑁comb = 𝑆∏
𝑠=1

𝑠𝐶𝑠 . (49)

The position nonlinear least squares (P-NLS) estimator
developed in [73] incorporates the association procedure in
the ML cost function, which takes the form

𝐽(DOA)
P-NLS (x) = 𝑀∑

𝑚=1

min
𝑖

𝜃𝑚,𝑖 − 𝜃𝑚 (x)2 , (50)

where 𝜃𝑚,𝑖 is the 𝑖th DOA estimate of sensor𝑚. To minimize
(50),𝑁comb initial locations are estimated (one for each DOA
combination) using a linear least squares estimator, such as
the pseudolinear transform of (46). Then, the cost function
(50) is minimized—using numerical searchmethods—𝑁comb
times, each time using a different initial location estimate.

Each time, for each sensor the DOA closest to the DOA
of the initial location estimate is used to take part in the
minimization procedure. In that way, for all initial locations,
the estimator is expected to converge to a location of a true
source. However, as illustrated in [70], in the presence of
missed detections and high noise the approach is not able to
completely eliminate “ghost” sources.

Themultiple source grid-based method [70] estimates an
initial location for each possible DOA combination from the
sensors by solving (47). It then decides which of the initial
location estimates correspond to a true source, heuristically
by selecting the estimated initial locations whose DOAs are
closer to the DOAs from the combination used to estimate
that location.

Other approaches focus on solving the data-association
problem prior to the localization procedure. In this way, the
correct association of DOAs from the sensors to the sources
is estimated beforehand and the multiple source localization
problem decomposes into multiple single source localization
problems. In [74] the data-association problem is viewed
as an assignment problem and is formulated as a statistical
estimation problem which involves the maximization of the
ratio of the likelihood that the measurements come from the
same target to the likelihood that themeasurements are false-
alarms. Since the proposed solution becomes NP-hard for
more than three sensors, suboptimal solutions tried to solve
the same problem in pseudopolynomial time [75, 76].

An approach based on clustering of intersections of bear-
ing lines in scenarios with no missed detections is discussed
in [77]. It is based on the observation that intersections
between pairs of bearing lines that correspond to the same
source will be close to each other. Hence, intersections
between bearing lines will cluster around the true sources,
revealing the correct DOA associations, while intersections
from erroneous DOA combinations will be randomly dis-
tributed in space.

Permitting the transmission of low-bandwidth additional
information from the sensors can lead to more efficient
approaches to the data-association problem. The idea is that
the sensors can extract and transmit features associated with
each source they detect. Appropriate features for the data-
association problem must possess the property of being
“similar” for the same source in the different sensors. Then,
the correct association of DOAs to the sources can be found
by comparing the corresponding features.

In [78] such features are extracted using Blind Source
Separation. The features are binary masks [79] in the fre-
quency domain for each detected source that when applied
to the corresponding source signals they perform source
separation. The extraction of such features relies on the W-
disjoint orthogonality assumption [80], which states that in
a given time-frequency point only one source is active, an
assumption which has been showed to be valid especially
for speech signals [81]. The association algorithm works
by finding the binary masks from the different arrays that
correlate the most. However, the method is designed for
scenarios with no missed detections and, as illustrated in
[72], performance significantly dropswhenmissed detections
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Figure 10: Example of (a) narrowband location estimates and (b) their corresponding histogram for a scenario of two active sound sources
(the red X’s). The narrowband location estimates form two clusters around the true sources’ locations, while their corresponding histogram
describes the plausibility that a source is present at a given location.

occur.Moreover, the association algorithm is designed for the
case of two sensors.

The design of association features that are robust to
missed detections is considered in [72] along with a greedy
association algorithm that canworkwith an arbitrary number
of sources and sensors.The association features describe how
the frequencies of the captured signals are distributed to the
sources. To do that, the method estimates a DOA 𝜙(𝜔, 𝑘)
in each time-frequency point, where 𝜔 and 𝑘 denote the
frequency and time frame index, respectively. Then, a time-
frequency point (𝜔, 𝑘) is assigned to source 𝑠 if the following
conditions are met:

𝐴(𝜙 (𝜔, 𝑘) , 𝜃𝑠 (𝑘)) < 𝐴 (𝜙 (𝜔, 𝑘) , 𝜃𝑞 (𝑘)) , ∀𝑞 ̸= 𝑠, (51)

𝐴(𝜙 (𝜔, 𝑘) , 𝜃𝑠 (𝑘)) < 𝜖, (52)

where 𝜃𝑠(𝑘) is the DOA estimate at time frame 𝑘 for the𝑠th source at the sensor of interest and 𝜖 is a predefined
threshold. Equations (51) and (52) imply that each frequency
is assigned to the source whose DOA is closest to the
estimated DOA in this frequency, as long as their distance
does not exceed a certain threshold 𝜖. The second condition
(see (52)) adds robustness to missed detections as it rejects
the frequencies with DOA estimates whose distance from the
detected sources’ DOAs is significantly large.

6.3. Source Counting. Assuming that the number of sources
is also unknown and can vary arbitrarily in time, other
approaches were developed to jointly solve the source count-
ing and location estimation problem. In these approaches,
the central idea is to utilize narrowband DOA estimates—for
each time-frequency point—from the nodes in order to

estimate narrowband location estimates. Appropriate pro-
cessing of the narrowband location estimates can infer the
number and locations of the sound sources. The location for
each time-frequency point is estimated using triangulation
based on the corresponding narrowband DOA estimates
from the sensors at that time-frequency point. Figure 10
shows an example of such narrowband location estimates
and their corresponding histogram, which also describes
the plausibility that a source is at a given location. The
processing of these narrowband location estimates is usually
done by statistical modeling methods: in [82], the narrow-
band location estimates are modeled by a Gaussian Mixture
Model (GMM), where the number of Gaussian components
corresponds to the number of sources, while themeans of the
Gaussians determine the sources’ locations. A variant of the
Expectation-Maximization (EM) algorithm is proposed that
incorporates empirical criteria for removing and merging
Gaussian components in order to determine the number of
sources as well. A Bayesian view of the Gaussian Mixture
Modeling is adopted in [83, 84], where a variant of the 𝐾-
means algorithm is utilized that is able to determine both
the number of clusters (i.e., number of sources) and the
cluster centroids (i.e., sources’ locations) using split and
merge operations on the Gaussian components.

7. SRP-Based Localization

Approaches based on the steered response power (SRP)
have attracted the attention of many researchers due to
their robustness in noisy and reverberant environments.
Particularly, the SRP-PHAT algorithm is today one of the
most popular approaches for acoustic source localization
using microphone arrays [85–87]. Basically, the goal of SRP
methods is to maximize the power of the received sound
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source signal using a steered filter-and-sum beamformer. To
this end, the method uses a grid-search procedure where
candidate source locations are explored by computing a func-
tional that relates spatial location to the TDOA information
extracted from multiple microphone pairs. The power map
resulting from the values computed at all candidate source
locations (also known as Global Coherence Field [88]) will
show a peak at the estimated source location.

Since SRP approaches are based on the exploitation of
TDOA information, synchronization issues also arise when
applying SRP inWASNs. As in the case of source localization
using DOAs or TDOAs, SRP-based approaches for WASNs
have been proposed considering that multiple microphones
are available at each node [89–91]. In these cases, the SRP
method can be used for acquiring DOA estimates at each
node or collecting source location estimates that are merged
by a central node. Next, we describe the fundamentals of SRP-
PHAT localization.

7.1. Conventional SRP-PHAT (C-SRP). Consider a set of 𝑁
different microphones capturing the signal arriving from a
sound source located at a spatial position x𝑠 ∈ R3 in an
anechoic scenario, following the model of (20). The SRP is
defined as the output power of a filter-and-sum beamformer
steered to a given spatial location. DiBiase [85] demonstrated
that the SRP at a spatial location x ∈ R3 calculated over a time
interval of 𝑇 samples can be efficiently computed in terms of
GCCs:

𝐽(SRP)𝐶 (x) = 2𝑇
𝑁∑
𝑖=1

𝑁∑
𝑗=𝑖+1

𝑅𝑖𝑗 (𝜏𝑖𝑗 (x)) + 𝑁∑
𝑖=1

𝑅𝑖𝑖 (0) , (53)

where 𝜏𝑖𝑗(x) is the time difference of arrival (TDOA) that
would produce a sound source located at x; that is,

𝜏𝑖𝑗 (x) = x −m𝑖
 − x −m𝑗

𝑐 . (54)

The last summation term in (53) is usually ignored, since
it is a power offset independent of the steering location.When
GCCs are computed with PHAT, the resulting SRP is known
as SRP-PHAT.

In practice, the method is implemented by discretizing
the location space regionV using a search gridG consisting of
candidate source locations inV and computing the functional
of (53) at each grid position. The estimated source location is
the one providing the maximum functional value:

x̂(C-SRP)𝑠 = argmax
x∈G

𝐽(SRP)𝐶 (x) . (55)

7.2. Modified SRP-PHAT (M-SRP). Reducing the compu-
tational cost of SRP is an important issue in WASNs,
since power-related constraints in the nodes may render
impractical its implementation in real-world applications.
The vast amount of modified solutions based on SRP is
aimed at reducing the computational cost of the grid-search
step [92, 93]. A problem of these methods is that they are
prone to discard part of the information available, leading

to some performance degradation. Other recent approaches
are based on analyzing the volume surrounding the grid
of candidate source locations [87, 94]. By taking this into
account, the methods are able to accommodate the expected
range of TDOAs at each volume in order to increase the
robustness of the algorithm and relax its computational
complexity. The modified SRP-PHAT collects and uses the
TDOA information related to the volume surrounding each
point of the search grid by considering a modified functional
[87]:

𝐽(SRP)𝑀 (x) = 𝑁∑
𝑖=1

𝑁∑
𝑗=𝑖+1

𝐿𝑢𝑖𝑗(x)∑
𝜏=𝐿𝑙𝑖𝑗(x)

𝑅𝑖𝑗 (𝜏) , (56)

where 𝐿𝑙𝑖𝑗(x) and 𝐿𝑢𝑖𝑗(x) are the lower and upper accumulation
limits of GCC delays, which depend on the spatial location x.

The accumulation limits can be calculated beforehand
in an exact way by exploring the boundaries separating the
regions corresponding to the points of the grid. Alternatively,
they can be selected by considering the spatial gradient of
the TDOA ∇𝜏𝑖𝑗(x) = [∇𝑥𝜏𝑖𝑗(x), ∇𝑦𝜏𝑖𝑗(x), ∇𝑧𝜏𝑖𝑗(x)]𝑇, where each
component 𝛾 ∈ {𝑥, 𝑦, 𝑧} of the gradient is

∇𝛾𝜏𝑖𝑗 (x) = 1𝑐 ( 𝛾 − 𝛾𝑖x −m𝑖
 − 𝛾 − 𝛾𝑗x −m𝑗

) . (57)

For a rectangular grid where neighboring points are
separated a distance 𝑟𝑔 and the lower and upper accumulation
limits are given by

𝐿𝑙𝑖𝑗 (x) = 𝜏𝑖𝑗 (x) − ∇𝜏𝑖𝑗 (x) ⋅ 𝑑𝑔,
𝐿𝑢𝑖𝑗 (x) = 𝜏𝑖𝑗 (x) + ∇𝜏𝑖𝑗 (x) ⋅ 𝑑𝑔, (58)

where 𝑑𝑔 = (𝑟𝑔/2)min(1/| sin(𝜃) cos(𝜙)|, 1/| sin(𝜃) sin(𝜙)|,1/| cos(𝜃)|), and the gradient direction angles are given by

𝜃 = cos−1 ( ∇𝑧𝜏𝑖𝑗 (x)∇𝜏𝑖𝑗 (x)) ,
𝜙 = arctan2 (∇𝑦𝜏𝑖𝑗 (x) , ∇𝑥𝜏𝑖𝑗 (x)) .

(59)

The estimated source location is again obtained as the
point in the search grid providing the maximum functional
value:

x̂(M-SRP)
𝑠 = argmax

x∈G
𝐽(SRP)𝑀 (x) . (60)

Figure 11 shows the normalized SRPpowermaps obtained
by C-SRP using two different grid resolutions and the one
obtained by M-SRP using a coarse spatial grid. In (a), the
fine search grid shows clearly the hyperbolas intersecting at
the true source location. However, when the number of grid
points is reduced in (b), the SRP power map does not provide
a consistent maximum. As shown in (c), M-SRP is able to fix
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Figure 11: Example of SRP power maps obtained by C-SRP and M-SRP for a speech frame in anechoic acoustic conditions using different
spatial grid resolutions. Yellow circles indicate the node locations.

this situation, showing a consistent maximum even when a
coarse spatial grid is used.

An iterative approach of the M-SRP method was
described in [95], where the M-SRP is initially evaluated
using a coarse spatial grid. Then, the volume surrounding
the point of highest value is iteratively decomposed by using
a finer spatial grid. This approach allows obtaining almost
the same accuracy as the fine-grid search with a substantial
reduction of functional evaluations.

Finally, recent works are also focusing on hardware
aspects in the nodes with the aim of efficiently computing
the SRP. In this context, the use of graphics processing
units (GPUs) for implementing SRP-based approaches is

specially promising [96, 97]. In [98] the performance of SRP-
PHAT is analyzed over a massive multichannel processing
framework in amulti-GPU system, analyzing its performance
as a function of the number of microphones and available
computational resources in the system. Note, however, that
the performance of SRP approaches is also related to the
properties of the sound sources, such as their bandwidth or
their low-pass/pass-band nature [99, 100].

8. Self-Localization of Acoustic Sensor Nodes

Methods for sound source localization discussed in previous
sections assume that q𝑚 for 𝑚 = 1, . . . ,𝑀, the locations of
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Figure 12: Illustration of a WASN comprised with𝑀 = 1 node and𝑆 = 4 loudspeakers for self-localization scenario.

the acoustic sensor nodes, or m𝑖 for 𝑖 = 1, . . . , 𝑁, those of
microphones, are known to the system and fixed in time.
In practical situations, however, the precise locations of the
sensor nodes or the microphones may not be known (e.g.,
for the deployment of ad hoc WASNs). Furthermore, in
some WASN applications, the node locations may change
over time. Due to these reasons, self-calibration for adjusting
the known node/microphone locations or self-localization of
unknown nodes of the WASNs becomes necessary.

The methods for self-localization of WASNs can be
divided into three categories [101]. The first one uses nona-
coustic sensors such as accelerometer and magnetometers,
the second one uses the signal strength, and the third one
uses the TOA or TDOA of acoustic signals. In this section,
we focus on the last category since it has been shown to
enable localization with fine granularity, centimeter-level
localization [21], and requires only the acoustic sensors.

The TOA/TDOA-based algorithms can be further
divided into two types depending upon whether the source
positions are known for self-localization. Most of the
early works addressed this problem as microphone array
calibration [102–105] with known source locations. The
general problem of joint source and sensor localization was
addressed by [5] as a nonlinear optimization problem. The
work in [106] presented a solution to explicitly tackle the
synchronization problem. In [107], a solution considering
multiple sources and sensors per device was described.

This section will focus on algorithms that assume known
source positions generating known probe signals without the
knowledge of the sensor positions as well as the synchro-
nization between the sensors and the sources. This approach
allows all processing to take place on the sensor node for
self-localization. The system illustration for this problem is
given in Figure 12.The remainder of this section describes the
TOA/TDOA-based methods for acoustic sensor localization
by modeling the inaccurate TOA/TDOA measurements for
robust localization, followed by some recent approaches.

8.1. Problem Formulation. Consider a WASN comprised of 𝑆
sources and 𝑀 nodes. The microphone locations m(𝑚)

𝑖 , for𝑖 = 1, 2, . . . , 𝑁, at node q𝑚 can be determined with respect
to the node location, its orientation, and its microphone

configuration. So we consider the sensor localization of
finding the microphone location m(𝑚)

𝑖 as the same problem
as finding the node location q𝑚 in this section. Without
loss of generality, we can consider the case with only one
node and one microphone (𝑀 = 𝑁 = 1) because each
node determines its location independently from others. In
addition, we consider that the sources are the loudspeakers of
the system with fixed and known locations in this scenario.

Let m and x𝑠 be the single microphone position and
the position of the 𝑠th source for 𝑠 ∈ S ≜ {1, 2, . . . , 𝑆},
respectively. The goal is to find m by means of 𝑆 received
acoustic signals emitted by 𝑆 sources where the location of
each source x𝑠 is known.

The TOF 𝜂𝑠 from the 𝑠th loudspeaker to the sensor is
defined as

𝜂𝑠 ≜ 1𝑐 m − x𝑠
 , (61)

where 𝑐 is the speed of sound. Note that this equation is
equivalent to (13) except thatwe consider a singlemicrophone
(m), multisource ({x𝑠}) case for 𝑠 ∈ S; thus the TOF is
indexed with respect to 𝑠 instead of 𝑖. From (61), it is evident
thatm can be found if a sufficient number of TOFs are known.
In practice, we need to rely on TOAs instead of TOFs due to
measurement errors.

In order to remove the effect from such unknown factors,
the TDOA can be used instead of TOA, which is given by

𝜏𝑠1𝑠2 ≜ 𝜂𝑠1 − 𝜂𝑠2 =
m − x𝑠1

 − m − x𝑠2
𝑐 , (62)

regarding a pair of sources 𝑠1, 𝑠2 ∈ S. Please note that the
subscripts for the TDOA indicate the source indexes that are
different from those defined for sensor indexes in (19).

Since the probe signals generated from the sources
along with their locations are assumed to be known to the
sensor nodes, the derivations of the self-localizationmethods
hereafter rely on the GCC between the probe signal and the
received signal at the sensor. Provided that the direct line-of-
sight between the source and the sensor is guaranteed, then
the time delay found by the GCC in (22) between the probe
signal and the signal received at the sensor provides the TOA
information.

8.2. Modeling of Time Measurement Errors. Two main
factors—asynchrony and the sampling frequency mismatch
between sources and sensors—can be considered for the
modeling of time measurement errors. When there exists
asynchrony between a source and a sensor, the TOA can be
modeled as

𝜏𝑠 = 𝜂𝑠 + Δ𝜂𝑠, (63)

where 𝜂𝑠 is the true TOF from 𝑠th source to the sensor
and Δ𝜂𝑠 is the bias caused by the asynchrony. If there exists
sampling frequency mismatch, then the sampling frequency
at the sensor can bemodeled as𝐹𝑠+Δ𝐹𝑠, where𝐹𝑠 is that of the
source. Considering these and ignoring the rounding of the
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discrete-time index, the relationship between the discrete-
time TOA 𝜏𝑠 and the actual TOF 𝜂𝑠 is given by

𝜏𝑠 = 𝜂𝑠 + Δ𝜂𝑠𝐹𝑠 + Δ𝐹𝑠 = 𝜂𝑠 + Δ𝜂𝑠𝐹𝑠 ( 11 + Δ𝐹𝑠/𝐹𝑠) , (64)

which can be further simplified for |Δ𝐹𝑠| ≪ 𝐹𝑠 as𝜏𝑠 ≈ 𝛼𝜂𝑠 + 𝛽𝑠, (65)

where 𝛼 ≜ (𝐹𝑠 − Δ𝐹𝑠)/𝐹𝑠, 𝜂𝑠 ≈ 𝜂𝑠/𝐹𝑠, and 𝛽𝑠 ≜ Δ𝜂𝑠(𝐹𝑠 −Δ𝐹𝑠)/𝐹2
𝑠 . If the sources are connected to the playback system

with the same clock such that the sources share the common
playback delay, then 𝛽𝑠 = 𝛽 for all 𝑠 ∈ S. Thereforem − x𝑠

 = 𝑐𝜂𝑠 ≈ 𝑎𝜏𝑠 + 𝑏, (66)

where 𝑎 = 𝑐/𝛼 and 𝑏 = −𝑐𝛽/𝛼.
8.3. Least SquaresMethod. Given a sufficient number of TOA
or TDOA estimates, the least squares (LS) method can be
used to estimate the sensor position.The TOA-based and the
TDOA-based LS methods proposed in [20, 21] are described
in this subsection.

8.3.1. TOA-Based Formulation. Motivated by the relation
in (66), the localization error 𝑒𝑠 corresponding to the 𝑠th
loudspeaker can be defined as

𝑒𝑠 ≜ (𝑎𝜏𝑠 + 𝑏)2 − m − x𝑠
2 , ∀𝑠 ∈ S. (67)

If we define the error vector as e(TOA) ≜ [𝑒1 𝑒2 ⋅ ⋅ ⋅ 𝑒𝑆]𝑇 with
unknown parameters 𝑎, 𝑏, andm, then the cost function can
be defined as

𝐽(TOA)LS (m, 𝑎, 𝑏) = e(TOA)2 . (68)

Then the localization problem is formulated as

m̂(TOA)
LS = argmin

m,𝑎,𝑏
𝐽(TOA)LS (m, 𝑎, 𝑏) , (69)

which does not have a closed-form solution.

8.3.2. TDOA-Based Formulation. We can consider the first
loudspeaker for 𝑠 = 1 as the reference loudspeaker, whose
TOA and position can be set to 𝜏1 and x1 = 0. Given a set of
TDOAs in the LS framework, it can be used with (66) as

𝑎𝜏𝑠 + 𝑏 = (𝑎𝜏𝑠 − 𝑎𝜏1) + (𝑎𝜏1 + 𝑏) ≈ 𝑎𝜏𝑠1 + ‖m‖ , (70)

where 𝜏𝑠1 is the TDOA between the 𝑠th and the first
loudspeakers. With the first as the reference, we can define
length 𝑆 − 1 vectors 𝑒𝑠 ≜ (𝑎𝜏𝑠1 + ‖m‖)2 − ‖m − x𝑠‖2, for𝑠 = 2, 3, . . . , 𝑆 and e(TDOA)

LS ≜ [𝑒2, ⋅ ⋅ ⋅ 𝑒𝑆]𝑇, the cost function
can be defined as

𝐽(TDOA)
LS (m, 𝑎) = e(TDOA)

LS
2 , (71)

and the LS problem can be written as

m̂(TDOA)
LS = argmin

m,𝑎
𝐽(TDOA)
LS (m, 𝑎) . (72)

Note that the TDOA-based approach is not dependent upon
the parameter 𝑏 unlike the TOA-based approach.

8.3.3. LS Solutions. For both the TOA- and TDOA-based
approaches, the error vector can be formulated as e = HΘ−g,
where the elements of the vectorΘ are unknown and those of
the matrixH and the vector g are both known to the system.
The error vectors for both approaches in this formulation can
be expressed as follows [21]:

e(TOA) = [[[[[

1 2x𝑇1 𝜏21 2𝜏1... ... ... ...
1 2x𝑇𝑆 𝜏2𝑆 2𝜏𝑠

]]]]]
[[[[[[

𝑏2 − ‖m‖2
m
𝑎2𝑎𝑏

]]]]]]
− [[[[[

x12...x𝑆2
]]]]]

,

e(TDOA) = [[[[[

2𝜏21 2x𝑇2 𝜏221... ... ...
2𝜏𝑆1 2x𝑇𝑆 𝜏2𝑆1

]]]]]
[[[[
‖m‖ 𝑎
m
𝑎2

]]]]
− [[[[[

x22...x𝑆2
]]]]]

.

(73)

Although the elements of the vector Θ are not indepen-
dent from one another, the constraints can be removed for
computational efficiency [15, 21], then the nonlinear problems
in (69) and (72) can be considered as the ULS problem as
follows:

min
Θ

‖e‖2, (74)

which has the closed-form solution given by

Θ̂ ≜ (H𝑇H)−1H𝑇g. (75)

It has been shown that it requires 𝑆 ≥ 6 to find the closed-
form solution for both approaches [21].

For the case when 𝑎 = 𝑐, that is, no sampling frequency
mismatch with known speed of sound, the TDOA-based
approach can be further simplified as

e = [[[[[

2𝑐𝜏21 2x𝑇2... ...
2𝑐𝜏𝑆1 2x𝑇𝑆

]]]]]
[ ‖m‖

m
] − [[[[[

x22 − 𝑐2𝜏221...x𝑆2 − 𝑐2𝜏2𝑆1
]]]]]

, (76)

which is related to the methods developed for the sensor
localization problem [15, 108].

The self-localization results of the LS approaches are
highly sensitive to the estimated values of TOA/TDOA. If
they are estimated poorly, then the localization accuracy may
significantly suffer from those inaccurate estimates. In order
to address this issue, a sliding window technique is proposed
to improve the accuracy of TOA/TDOA estimates [21].
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8.4. Other Approaches. More recently, several papers have
tackled the problem of how to design good probe signals
between source and sensor and how to improve TOF estima-
tion; in [22], a probe signal design using pulse compression
technique and hyperbolic frequency modulated signals is
presented that is capable of localizing an acoustic source
and estimates its velocity and direction in case it is moving.
A matching pursuit-based algorithm for TOF estimation is
described in [109] and refined in [101]. The joint localization
of sensor and source in an ad hoc array by using low-rank
approximation methods has been addressed in [23]. In [24]
an iterative peak matching algorithm for the calibration of a
wireless acoustic sensor network is described in an unsyn-
chronized network by using a fast calibration process. The
method is valid for nodes that incorporate a microphone and
a loudspeaker and is based on the use of a set of orthogonal
probe signals that are assigned to the nodes of the net-
work. The correlation properties of pseudonoise sequences
are exploited to simultaneously estimate the relative TOAs
from multiple acoustic nodes, substantially reducing the
total calibration time. In a final step, synchronization issues
are removed by following a BeepBeep strategy [106, 110],
providing range estimates that are converted to absolute node
positions by means of multidimensional scaling [104].

9. Challenges and Future Directions

9.1. Practical Challenges. Some real-world challenges arise in
the design of localization systems using WASNs. To build
a robust and accurate localization system, it is necessary
to ensure a tradeoff among aspects related to cost, energy
effectiveness, ease of calibration, deployment difficulty, and
precision. Achieving such tradeoff is not straightforward and
encompasses many practical challenges as discussed below.

9.1.1. Cost-Effectiveness. The potentiality of WASNs to pro-
vide high-accuracy acoustic localization features is highly
dependent on the underlying hardware technologies in
the nodes. For example, localization techniques based on
DOA, TDOA, or SRP need intensive in-node processing
for computing GCCs as well as input resources permitting
multichannel audio recording. With the advent of powerful
single-board computers, high-performance in-node signal
processing can be easily achieved. Nonetheless, important
aspects should be considered regarding cost and energy
dissipation, especially for battery-powered nodes that are
massively deployed.

9.1.2. Deployment Issues. Localization methods usually
require a predeployment configuration process. For example,
TOA-based methods usually need to properly set up
synchronization mechanisms before starting to localize
targets. Similarly, energy-based methods need nodes with
calibrated gains in order to obtain high-quality energy-ratio
measurements. All these tasks are usually complex and time-
consuming. Moreover, they tend to need human supervision
during an offline profiling phase. Such predeployment
phase can become even more complex in some application

environments where nodes can be accessed by unauthorized
subjects. Moreover, WASNs are also applied outside of
closed buildings. Thus they are subject to daily and seasonal
temperature variations and corresponding variations of
the speed of sound [35]. To cope with this shortcoming,
calibration needs to be automated and made environment
adaptive.

9.1.3. System Resiliency. Besides predeployment issues, a
WASN should also implement self-configuration mecha-
nisms dealing with network dynamics such as those related
to node failures. In this context, system design must take into
account the number of anchor nodes that are needed in the
deployment and their placement strategy. The system should
assure that, if some of the nodes get out of the network, the
rest are still able to provide location estimates appropriately.
To this end, it is important to maximize the coverage area
while minimizing the number of required anchor nodes in
the system.

9.1.4. Scalability. Depending on the specific application, the
WASN that needs to be deployed can vary from a very small
and simple network of a few nodes to very largeWASNs with
tens or hundreds of nodes and complex network topologies.
For example, in wildlife monitoring applications a very large
number of sensors are utilized to acoustically monitor very
large environments, while the topology of the network can
be constantly changing due to sensors being displaced by
the wind or by passing animals. The challenge in such
applications is to design localization and self-configuration
methods that can easily scale to complex WASNs.

9.1.5. Measurement Errors. It is well known that RF-based
localization in WSNs are prone to errors due to irregular
propagation patterns induced by environmental conditions
(pressure and temperature) and random multipath effects
such as reflection, refraction, diffraction, and scattering. In
the case of WASNs, acoustic signals are also subject to
similar distortions caused by environmental changes and
effects produced by noise and interfering sources, reflected
echoes, object obstruction, or signal diffraction. Other errors
are related to the aforementioned predeployment process,
resulting in synchronization errors or inaccuracies in the
positions of anchor nodes. These errors must be analyzed
in order to filter measurement noise out and improve the
accuracy of location estimates.

9.1.6. Benchmarking. In terms of performance evaluation,
so far there are no specific benchmarking methodologies
and datasets for the location estimation problem in WASNs.
Due to their heterogeneity—in terms of sensors, number of
sensors and microphones, topology, and so on—works com-
paring different localizationmethods using a common sensor
setup are difficult to find in the literature. The definition
of formal methodologies in order to evaluate localization
performance and the recording of evaluation datasets using
real-life WASNs still remain a big challenge.
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9.2. Future Directions

9.2.1. Real-Life Application. In our days, the need for real-
life realizations of WASN with sound source localization
capabilities is becoming more a more evident. An important
direction in the future will thus be the application of the
localization methodologies in real-life WASNs. In this direc-
tion, the integration ofmethodologies from a diverse range of
scientific fields will be of paramount importance. Such fields
include networks (e.g., to design the communication and
synchronization protocols), network administration (e.g., to
organize the nodes of the network and identify and handle
potential failures), signal processing (e.g., to estimate the
sources’ locations with many potential applications), and
hardware design (e.g., to design the acoustic nodes that can
operate individually featuring communication and multi-
channel audio processing capabilities in a power efficient
way).While many of these fields have flourished individually,
the practical issues that will arise from their integration in
practical WASNs still remain unseen and the need for bench-
marking and methodologies for their efficient integration is
becoming more and more urgent.

9.2.2. Machine Learning-Based Approaches. One of the prac-
tical challenges for the deployment of real-life applications
is the huge variability of acoustic signals received at the
WASNs due to the acoustic signal propagation in the physical
domain as well as the inaccuracies caused at the system level
and uncertainties associated with measurements of TOAs
and TDOAs. With the help of large datasets and vastly
increased computational power of off-the-shelf processors,
these variabilities can be learned by machines for designing
more robust algorithms.

10. Conclusion

Sound source localization throughWASNs offers great poten-
tial for the development of location-aware applications.
Although many methods for locating acoustic sources have
been proposed during the last decades,mostmethods assume
synchronized input signals acquired by a traditional micro-
phone array. As a result, when designing WASN-oriented
applications, many assumptions of traditional localization
approaches have to be revisited. This paper has presented
a review of sound source localization methods using com-
monly used measurements inWASNs, namely, energy, direc-
tion of arrival (DOA), time of arrival (TOA), time difference
of arrival (TDOA), and steered response power (SRP). More-
over, since most algorithms assume perfect knowledge on
the node locations, self-localizationmethods used to estimate
the location of the nodes in the network are also of high
interest within aWASN context.The practical challenges and
future directions arising in the deployment of WASNs have
also been discussed, emphasizing important aspects to be
considered in the design of real-world applications relying on
acoustic localization systems.
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Correspondence should be addressed to Amalia Luque; amalialuque@us.es

Received 28 March 2017; Revised 18 May 2017; Accepted 22 June 2017; Published 27 July 2017

Academic Editor: Maximo Cobos

Copyright © 2017 Amalia Luque et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Nowadays, sound classification applications are becoming more common in the Wireless Acoustic Sensor Networks (WASN)
scope. However, these architectures require special considerations, like looking for a balance between transmitted data and local
processing. This article proposes an audio processing and classification scheme, focusing on WASN architectures. This article also
analyzes in detail the time efficiency of the different stages involved (from acquisition to classification). This study provides useful
information which makes it possible to choose the best tradeoff between processing time and classification result accuracy. This
approach has been evaluated on a wide set of anurans songs registered in their own habitat. Among the conclusions of this work,
there is an emphasis on the disparity in the classification and feature extraction and construction times for the different studied
techniques, all of them notably depending on the overall feature number used.

1. Introduction

In the last few years, the number of devices focused on the
monitoring and analysis of environmental parameters has
grown strongly. However, sometimes the intended purpose
is not related to the direct measurement of a parameter and
requires the analysis of complex phenomena. An example
of this is phenology, which consists of the study of periodic
plant and animal life cycle and how some events are related
to seasonal and climate variations [1].

Furthermore, reversing this study, it has been used for the
prediction of climate evolution. A proof of this fact can be
seen in some studies [2, 3] where the songs of some anuran
species are proposed as an excellent indicator of climate
change. However, these approaches are supported by a large
number of audio recordings, which are usually collected in
the field, and analyzed one by one later. Fortunately, the emer-
gence of the Wireless Acoustic Sensor Networks (WASN) [4]
has changed this approach. As an example, [5] proposes a
WASN to distinguish between some anuran species (even

between their different songs). For this, it extracts some
MPEG-7 descriptor from audio frames and applies two sim-
ple classifiers (minimum distance and maximum likelihood)
over them. Extending this studywith a datamining approach,
[6] increases the number of classifiers up to ten, using only
frame features, without any temporal relationship between
them. Furthermore, [7] proposes increasing the classification
success rate, adding additional features which reflect the
sequence of frames.

All of these studies are traditionally focused on compar-
ing different techniques of audio processing, audio feature
selection, or classification. However, a WASN approach
requires contemplating more factors, such as execution times
or the amount of transmitted information for each approach,
which can seriously condition the applicability of each one.

In this sense, this paper proposes an audio processing and
classification scheme, focusing on these kinds of architec-
tures. Additionally, it is also completed with a detailed time
analysis of the different processes involved in this proposed
scheme (from acquisition to classification stages), providing
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useful information to choose the best option with the best
tradeoff between processing time and classification result
accuracy.

Specifically, this paper is organized as follows: Section 2
shows an overview of the different processes that make up
the proposed scheme. Section 3 briefly describes the WASN
architecture for this scheme. Section 4 describes in detail the
proposed audio processing scheme, explaining the different
proposed approaches for each stage that comprises it. A
reflection of the temporal implications of each one is raised in
Section 5. Section 6 provides an extensive comparative study
of the temporal requirements of each proposed approach,
using a real problem (the classification of anurans species
based on their song) as testbed. Finally, Section 7 sums up
the conclusions.

2. Audio Process Architecture

The proposed architecture is focused in distributed solution
where the audio analysis in the distributed nodes of a WASN
is resolved. This network is made up by a mesh structure
with dynamic routing (network topology is described later in
Section 3).Thus, each network node is responsible for imple-
menting its own audio processing, from audio acquisition to
audio classification. In this sense, Figure 1 summarizes the
proposed audio processing scheme, which is made by the
following stages:

(1) Sound Framing. In this first stage, the audio signal
is captured by local microphones. Each one samples
the audio signal at 44.1 kHz, using a 16-bit codifica-
tion. This sample rate was chosen, as will be seen
later, because it is the most restrictive definition of
the analyzed standards (this frequency could be set
following the application requirements).This module
also groups these samples in frames, which will be
used as basic elements for analysis.

(2) Feature Extraction. It analyzes each frame separately,
extracting 𝐷 parameters from each one. For this
extraction, two alternative approacheswere proposed,
based on the Multimedia Content Description Inter-
face of MPEG-7 [8] standard or based on Mel
Frequency Cepstral Coefficients (MFCCs) [9]. Both
approaches will be described in detail on Section 4.1.

(3) Feature Construction. This stage uses the information
of the previous stage. It can be considered a comple-
mentary feature extraction stage, adding information
about frame evolutions (trends) or the order in which
they appear (sequences).Three approaches have been
proposed for this stage: no feature added; analysis
of adjacent frame trends; and sequences modeling.
These approaches will be described in detail on
Section 4.2.

(4) Frame Classification. Each audio fragment (frame or
sequence) is associated with one of the sound classes.
This stage applies different classifiers, which have a
different number of inputs, depending on previous
stage choices. The proposed classification technique
will be described in Section 4.3.

(5) Sound Classification. This final stage analyzes the par-
tial results associated with each frame, choosing the
most frequent class in the frame classification proc-
ess as a global classification result.

3. Wireless Acoustic Sensor Network

The proposed WASN architecture is made up of a set of
distributed nodes and a central node called base station (see
Figure 2).

On the one hand, the base station is traditionally a
standard PC, which has a radio adapter for the WASN
connection. It acts as a gateway with other network technolo-
gies and provides centralized storage and processing capaci-
ties.

On the other hand, the distributed nodes are embedded
systems, which have a wireless radio that allows them to
connect with the other network elements (neighboring nodes
and base station). Due to the remote location of the nodes, in
a natural environment, they also require an alternative power
source (i.e., solar systems), supported by batteries to guar-
antee their operation in adverse environmental conditions.
This fact makes the consumption a critical constraint in these
nodes, requiring drastic reductions in computational and
radio power consumption. However, low power transceivers,
such as ones based on IEEE 802.15.4 [10], have a limited
coverage, precluding the communication between the base
station and nodes. Due to this, mesh topologies are typical in
these applications, routing themessages through neighboring
nodes, and using protocols that support these structures
(e.g., ZigBee [11] and 6LowPAN [12]). Additionally, another
critical limit is the bandwidth restrictions. In traditional
audio applications, each node often sends the raw data (441
samples per frame). However, this approach requires a lot
of energy and can greatly overload the network. Against
this, the proposed approach poses to send only the essential
information, even reducing the payload up to a single data
(the class to which the sound belongs).

Specifically, depending on user needs, different tradeoffs
between the amount of transmitted information (radio con-
sumption) and execution time (computational cost) can be
established. In this sense, each network node must be able
to locally characterize and classify sounds, where the lowest
classification error is not the only objective. Furthermore,
computational requirements of the each algorithm must
also be considered for its viability over these kinds of plat-
forms.

Due to this, in the next sections, the proposed scheme is
detailed and completed later with a comprehensive analysis
of their execution performance in each audio classification
stages.

4. Feature Extraction and Classification

As it was introduced above, the audio features extraction is
done frame by frame, obtaining several parameters for each
one. Later, based on these first direct features, this informa-
tion set is completed with second features construction stage,
where new additional estimated information is provided.
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(1) Sound framing

(5) Sound classification

(2) Frames’ feature
extraction

(3b) Frames’ feature
construction

(3c) Segment modeling

(4b) Frame sequential
classification

(4c) Segment sequential
classification

(4a) Frame nonsequential
classification

Figure 1: Audio processing scheme.
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Table 1: MPEG-7 features and their origin analysis.

Feature Symbol Based on
Total power 𝑃𝑡

Spectrogram
analysis

Relevant power
(power in a certain frequency band) 𝑃𝑟

Power centroid 𝐶𝑝
Spectral dispersion 𝐷𝑠
Spectrum flatness 𝐹𝑙
Frequency of the formants (×3)
(the three first formants are considered) 𝐹𝐹𝑛

Linear
prediction

coding (LPC)
analysis

Bandwidth of the formants (×3)
(the three first formants are considered) 𝐹𝐵𝑛

Pitch 𝑃𝑖
Harmonic centroid 𝐶𝐻
Harmonic spectral deviation 𝐷𝐻
Harmonic spectral spread 𝑆𝐻
Harmonic spectral variation 𝑉𝐻
Harmonicity ratio 𝑅𝐻 Harmonicity

analysisUpper limit of harmonicity 𝐹𝐻

Both analyses are detailed in the two next subsections, while
the classification stage is analyzed in the third.

4.1. Frame Feature Extraction. In this work, the feature
extraction of a frame has two approaches. On the one hand,
the first proposed approach consists of extracting the features
defined byMPEG-7 standard.This standard defines a sample
rate of 44.1 kHz and recommends a hopSize of 10ms. Both
constraints define the frame size for this application, involv-
ing a set of 441 samples. To characterize this information, up
to 18 parameters have been defined (𝐷 = 18, see Table 1),
which are derived from three kinds of base analysis:

(i) Spectrogram Analysis 𝑆(𝑓). It uses the Fast Fourier
Transform (FFT) to identify the frequency compo-
nents of a frame. From this analysis, up to 5 MPEG-7
features are defined (see Table 1).

(ii) Linear Prediction Coding (LPC) Analysis. It poses that
a sound 𝑠(𝑛) can be calculated as a linear combination
of past samples and an error signal. LPC analysis
models a sound source using a harmonic generator,
a noise generator, and a digital filter (which charac-
terizes the vocal tract). The characteristic polynomial
roots of this filter are complex, play a key role in
this technique, and determine the different formants
(resonant notes) in the audio samples. The formants
are defined by its frequencies (𝑓𝑖) and bandwidths
(𝐵𝑖). From this LPC analysis, up to 11 MPEG-7
parameters are defined (see Table 1).

(iii) Harmonicity Analysis. It represents the degree of
acoustic periodicity and is based on an autocorrela-
tion analysis 𝜌(𝑘) of the audio samples 𝑠(𝑛). From this
analysis, up to 2 MPEG-7 features are defined (see
Table 1).

For more details, MPEG-7 standard [5, 8] widely des-
cribes the definitions and extraction techniques of these fea-
tures.

On the other hand, other alternatives propose an MFCC
analysis for the feature extraction. MFCCs are based on the
sound cepstral through its homomorphic processing [13].
Thus, this analysis is a widely extendedmethod for audio fea-
tures extraction (i.e., for speech recognition). However,
MFCCs have the disadvantage that they do not have any gen-
eral purpose standardized method, although, for telephony
applications, the ETSI standard [14] defines an extended pro-
cedure to obtain these coefficients. However, this approach
requires some tuning to make it comparable with the first
feature extraction alternative described above. Specifically,
this modification is related to the frame size. ETSI standard
proposes a frame length of 25ms for a sample rate of 16 kHz,
obtaining 400 samples per frame. In our case, the sample rate
chosen for this work (44.1 kHz) is not defined in this stand-
ard and, keeping the frame length, the number of samples per
frame increases above a thousand. So, resembling theMPEG-
7 approach, a frame size of 10ms has been proposed, which
leads to a number of samples per frame (441) quite similar
to the ETSI standard recommendation (400). Furthermore,
according to this approach, the number of MFCCs to repre-
sent a frame is 13 (𝐷 = 13).

4.2. Frame Feature Construction. In previous section, D
direct features were extracted from each frame. However,
these features do not consider the intrinsic sequential char-
acteristic of the sound temporal evolution. So, this sequential
information should be added constructing some more new
features. Three constructing feature approaches have been
considered: no new feature being added (for comparison
purposes); trend analysis of adjacent frames; and sequences
(groups of N frames) modeling.

4.2.1. No Feature Construction. This approach represents “a”
or left branch in Figure 1 and consists directly in not deriving
any additional information, considering the direct frame
information enough for the next classification stage.

4.2.2. Feature Construction Using Frame-Trend Analysis. This
approach represents “b” or the center branch in Figure 1 and
consists of combining extracted information of the frame
under analysis with the extracted features of its neighbors,
obtaining C, new features for the next stage. Specifically, up
to three alternatives are proposed as follows:

(a) Regional Dispersion (RegDis) [15]. This approach consists
of using an analysis sequence of𝑁 frames (composed by the
frame under analysis and its adjacent ones), each one being
characterized by its𝐷 extracted features.The general idea for
this feature construction technique is to use the time axis to
construct new temporal axis based features. Commonly, these
techniques are based on the frame feature’s values without
considering their order, which is usually called a bag of
features. Average values or some other related statistics are
usually employed. In our case some of the anuran calls to
be classified show the typical croaking of a frog while others
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are similar to a whistle. The croaking sound is produced
by repeatedly opening and closing the vocal cords (roughly,
every 10msec., the frame length) leading to a sequence of
frames featuredwith highly spread values. On the other hand,
the whistle-like sounds is produced by a continuous air flow
showing low spread in feature values. So, to incorporate this
information in the classification process a new set of features
is constructed considering not the average but the spread of
the extracted feature values. And to avoid the influence of
outliers, the interquartile range instead of the standard devi-
ation is selected. In the implementation used in this paper,
first for every frame, a “window” centered in that frame is
considered, using the closest neighbor frames. And for every
original parameter, a new derived parameter is constructed.
For this purpose the values of the original parameter for
every frame in the window are considered. The interquartile
range of these values (the difference between 75th and 25th
percentiles) is computed, and this value is considered the new
derived parameter. In this way, the number of constructed
features is𝐶 = 𝐷, so up to 2×𝐷 parameters (a vector inR2×𝐷)
are now identifying a frame, where 𝐶 of them include some
kind of sequential information. In this approach a 10-frame
window size (100msec.) has been used.

(b) Δ Parameters. This second approach characterizes the
trend (ascending or descending) that follows a frame feature
sequence. It is in some sense the derivative of each extracted
feature, following the expression of [16]. In this sense, for each
frame, one trend feature per each extracted one is constructed
(𝐶 = 𝐷). Additionally, this procedure can also be extended to
second-order derivative (Δ2 parameters) or even higher. The
total number of features after applying this technique will be
𝐷 + 𝐶 = 2 × 𝐷 (in case of using Δ parameters) or 3 × 𝐷
(𝐶 = 2 × 𝐷, in case of using Δ and Δ2 parameters).

(c) Sliding Windows (SW) [17]. This last trend-analysis ap-
proach proposes the use of a short window made up of a
sequence of 𝑤 adjacent frames, centered in the frame under
analysis. In this approach, the constructed features are the set
of the𝐷 extracted features for every frame under the window.
Therefore, in this method, the total number of features for a
frame will be 𝑤 × 𝐷.

4.2.3. Feature Construction Using Sequence-Based Modeling.
The last alternative is represented by “c” or right branch in
Figure 1. It consists of using techniques which directly analyze
sets of frames (or audio segments). Specifically, for this paper,
two approaches have been studied.

(a) Autoregressive Integrated Moving-Average (ARIMA) Mod-
els [18].This method starts from aXmatrix, which character-
izes an audio sequence with𝑁 frames, transforming it into a
vector A, which is made up by coefficient matrices (X→ A).
ThematrixX has a dimension of𝑁×𝐷, containing𝑁 vectors
of parameter (Xi ∈ R𝐷) associated with each frame of the
audio segment. Thus, to obtain the vector A, it considers that
the sequence of frame features (Xi) is the result of a Vector
ARIMA temporal series, VARIMA (𝑝, 𝑑, 𝑞). It is defined by
(1), in which 𝑝 is the order of the autoregressive model, 𝑑 is

the degree of differencing, and 𝑞 is the order of the moving-
average model:

X(d)i = C0 +
𝑝

∑
𝑘=1

AkX
(d)
i−k +

𝑞

∑
𝑘=1

Bk𝜀i−k + 𝜀i. (1)

Ak andBk are two coefficientmatrices, which have a𝐷×𝐷
dimension.C0 is a vector, which represents the average vector
time series and has 𝐷 components. Usually, this time series
is normalized, so that C0 vector has a null mean and it is
being typically omitted. Due to this, the parameter number to
characterize a sound segment is (𝑝 + 𝑞) × 𝐷2. Additionally, it
is also typical to assume that the time series is stationary (𝑑 =
0), and VARMA models can be approximated by equivalent
VARmodels (𝑞 = 0).Therefore, using theAkaike Information
Criterion (AIC) [19], it is possible to find an optimal value
of the model order (𝑝) and Ak matrix using a maximum
likelihood technique [20].

In this sense, this method provides 𝑝 × 𝐷2 features to
characterize each sound segment, which will be used by
nonsequential classifiers on the next stage.

(b) HiddenMarkovModels (HMM) [21]. Firstly, a HMM takes
the 𝐷 extracted features of each frame (Xi ∈ R𝐷) of the
segment, quantizing them [22] and obtaining an observation
𝑂𝑖, which is defined by the integer code 𝑐𝑘 in the [0, 𝐶 − 1]
range. An HMM has several connected states (defined by S),
which produce an observation sequence. For isolated “words”
(anuran calls) recognition, with a distinct HMMdesigned for
each class, a left-right model is the most appropriate, and the
number of states should roughly correspond to the number
of sounds (phonemes) within the call. However, differences
in error rate for values of𝑁 close to 5 are small.The structure
and the value of 𝑁 have been taken from [21]. The 𝑆𝑎 state
generates the 𝑐𝑘 code with a 𝐸𝑎𝑘 probability and evolves to
𝑆𝑏 with a 𝑇𝑎𝑏 probability. E and T matrices of each class 𝜃
are obtained by the pattern frames of each class (Π𝜃), using
a forward-backward algorithm [23]. Once the parameters
of an HMM are estimated (following structure proposed in
Figure 3), this algorithm takes the observation sequence of a
sound segment (formed by𝑁 frames), which is characterized
by its 𝑁 × 𝐷 features and computes the probability that the
sequence had been generated by the HMM of each class.
Finally, the segment is labeled as belonging to the sound class
with the highest probability from the above computation.

4.3. Feature and Sound Classification. Once the different
alternatives of frame featuring have been analyzed, the next
step is using these features to identify the class to which
they belong (step (4) of all branches in Figure 1). Except
for classifiers such as HMM, which intrinsically consider the
sequential character of the sound, the remaining classification
procedures proposed in this paper have a nonsequential phi-
losophy. That is, they require increasing their input set with
some additional constructed features to acquire the sequen-
tial information (using the methods explained in Section 4.2
or by building ARIMAmodels). All of the classifiers that will
be considered perform a supervised classification. That is,
they compare the constructed features of a sequence to sound
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T51

T12 T23 T34 T45
S1/E1 S2/E2 S3/E3 S4/E4 S5/E5

Figure 3: HMM structure.

patterns of known classes and identify the class to which
it belongs. Specifically, as a representative example of these
kinds of techniques, several classifiers have been studied in
this paper:minimumdistance (MinDis) [24],maximum like-
lihood (MaxLik) [25], decision trees (DecTr) [26], 𝑘-nearest
neighbors (𝑘NN) [27], support vector machine (SVM) [28],
logistic regression (LogReg) [29], neural networks (Neur)
[30], discriminant function (Discr) [31], and Bayesian classi-
fiers (Bayes) [32]. This set represents general purpose classi-
fiers which are well suited for this kind of applications [6, 33].

In the final stage, (5) of Figure 1, once all frames of a sound
have been classified, the most repeated class in them is finally
assigned as the global classification for the audio file.

5. Considerations about Classification Times

In previous sections, different implementations or alterna-
tives for animal sound analysis have been proposed.However,
from an implementation point of view, these algorithms are
not trivial and may require a lot of execution time.

In this sense, an exhaustive time analysis of each stage is
essential to guarantee the real-time application. Specifically,
and according to the previous section, the analysis time
can be divided into five stages: audio acquisition, frame
feature extraction (direct frame analysis), frame or sequence
feature construction (frame set or sequence analysis), feature
classification of each frame, and finally the global sound
classification. However, for some of them, their processing
times are not static. Specifically, as was described in previous
sections, an animal sound can be characterized by a set of
𝑃 features (or by a point in the R𝑃space). Therefore, as will
be seen in the next sections, this space dimension (or feature
number) is a keystone in processing time studies, affecting the
following ways:

(i) The features extraction time of each frame grows
when the number of these parameters increases.

(ii) The features construction time of additional informa-
tion for each frame (or sequence) grows when the
number of direct or additional parameters increases.

(iii) The classification time of each frame (or sequence)
increases with its features dependency.

(iv) As it will be addressed in Section 6.4 (see Figure 22),
the classifier generation time increases with the num-
ber of features for most algorithms, some of these

growths being very intense (between one or two
orders of magnitude).

Considering the three first times in the former list, their
sum is an important restriction in real-time audio processing
applications, where this total time must always be less than
the audio fragment duration. In this sense, this constraint
makes an exhaustive comparative time study of all proposed
alternatives essential, seeking the best tradeoff between the
feature number and the time available.

Moreover, although not directly related to real-time
applications, the time needed to obtain the classifiers is
also related to the feature space dimension. Due to this,
a comparative analysis of this time could also be useful,
especially in applications with a dynamic knowledge base in
which the training process is repeated periodically.

From all of the above, these times have been studied in
the next section in detail.This analysis makes the comparison
between the different proposed alternatives possible, identi-
fying the least computationally demanding.

6. Results and Discussions

As a testbed of the previously described strategy, 63 sound
files provided by the Zoological Sound Library [34] were
used. Specifically, these files correspond to two anuran
species; the Epidalea calamita (natterjack toad) and theAlytes
obstetricans (common midwife toad), with a total of 605,300
frames, every one of 10ms. length, that is, a total of 6,053 sec-
onds.These audio files have a total duration of 1 h:40:53, an
average duration per file of 96 seconds (1:36) and a median
duration of 53 seconds. This is a large dataset as the total
number of observations which has to be classified is 605,300
(most of the algorithms considered in this paper are frame-
based classifiers). For training purposes, a small portion
of these frames (13,903), properly selected and labeled by
biologists, was used as sound patterns (see detailed summary
in Table 2).

Furthermore, a common characteristic to all of these
sounds is that they were recorded in a natural habitat with a
significant presence of noise (wind, water, rain, traffic, voices,
etc.), which poses an additional challenge in the classification
process.

Although the whole process was designed to be finally
implemented in distributed nodes, this study was imple-
mented over a laboratory prototype, equipped with an Intel�
Core� i7-4770 processor at 3.4GHz and 8GB of RAM. All
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Table 2: Testbed audio details.

Sound class Sound Patterns
Files Seconds Files Seconds Frames

Epidalea calamita
(mating call) 23 2,576 2 21 1,439

(10.35%)
Epidalea calamita
(release call) 10 415 1 29 248

(1.78%)

Alytes obstetricans 30 3,062 2 89 375
(2.70%)

Silence/noise — — — — 11,841
(85.17%)

Total 63 6,053 5 139 13,903
(100%)

the algorithms have been coded inMATLAB�with an imple-
mentation that does not explicitly exploit code parallelism
over the different cores. However, the MATLAB by default
built-in multithreading computation has been exploited.

The next sections show and discuss processing time
results related to the classification of these sounds.

6.1. Frame Feature Extraction Time. As it was mentioned
in Section 4.1, obtaining the MPEG-7 features of a single
frame requires applying three basic techniques; spectrogram,
LPC, and harmonicity analysis. Later on, a specific derivation
is also necessary for each feature. Table 3 summarizes all
of these times where it can be seen that, for instance,
obtaining the power centroid (𝐶𝑝) requires computing a
spectrogram (primary process) and performing an additional
specific center-of-mass calculation (or secondary process).
Obviously, to obtain other features based on the same pri-
mary process, only adding the time of its secondary process
is required. This fact can condition the feature selection,
the feature type (primary process dependency) being more
important than the number of them within it.

On the other hand, the MFCC features use a single
process, being calculated all at once (see Table 3).

In summary, the extraction time for the full MPEG-
7 feature set is 3.2ms (approx. 1/3 of frame duration).
MFCC feature set requires 45 𝜇s, a time significantly lower
than the previous one (and lower than the duration of the
frame). MFCCs are calculated simultaneously, and they use
an algorithm based on a spectrogram analysis (due to this, its
time is similar to the MPEG-7 spectrogram process).

In this sense, a reduction in MPEG-7 feature dimension-
ality (reduction in the number of features extracted) will
improve this time of frame features extraction. However, as
discussed above, this time is strongly conditioned by the
parameter type (or their primary process needs), obtaining a
significant reductionwhen any of them is not necessary. Con-
versely, a reduction in MFCC feature dimensionality does
not involve any reduction in this time, since all are obtained
simultaneously.

6.2. Frame Feature Construction Time. Following the tech-
niques described in Section 4.2, the construction of addi-
tional features extends the information associated with each
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Figure 4: Sliding window behavior for different number of features.

frame. In this sense, Table 4 shows, for every feature construc-
tion technique (first column), the time spent (4th column)
and the accuracy obtained (5th column) when these con-
structed features are used with the best of the classifiers con-
sidered in Section 4.3 (6th column). As it can be seen, all the
times, with the exception of the ARIMA method, show very
small values (below 1% of the total frame duration).

However, the calculation times of these parameters pre-
sent a significant dependence on the number of parameters.
Figure 4 shows the relationship between SW construction
time and the number of features (for different window sizes).

In this figure, it is easy to note that the construction time
shows an approximately linear behavior. Moreover, this time
also has a lineal dependence on the window size (as it can be
clearly seen in Figure 5). Similar behavior was obtained for
MFCCs.

In HMM technique, for each sequence, the feature con-
struction consists of converting the original parameter vector
(Xi) into a scalar observation (𝑂𝑖) through a quantization
process. In this sense, the HMM processing time also signif-
icantly depends on the number of features. Figure 6 shows
this dependency for the case ofMPEG-7 parameters. As it can
be seen in this figure, HMM construction time is defined by
a piecewise function, approximately linear to steps between
sections.

Moreover, ARIMA analysis consists of converting the
original parameter matrix (X ∈ R𝑁×𝐷) into a vector of
coefficient matrices (A ∈ R𝑝×𝐷

2

), modeling its time series.
This technique characterizes an audio sequence (or a frame
set). Due to this, for an adequate comparison with other
techniques, the ARIMA sequence feature constructing times
have been normalized to its equivalent frame times (dividing
by the number of frames in the sequence).

Like other techniques, this time also significantly depends
on the number of features. Figure 7 depicts this time
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Table 3: Time analysis of the frame feature extraction.

Parameter type Requirement Feature
Processing time

Secondary
(𝜇s)

Total
(𝜇s)

MPEG-7
(17)

Spectrogram, primary processing time 41.33 𝜇s

𝑃𝑡 2.48 43.80
𝑃𝑟 20.23 61.55
𝐶𝑝 9.42 50.75
𝐷𝑠 14.01 55.33
𝐹𝑙 52.22 93.55

LPC, primary processing time 1,777.92 𝜇s

𝐹𝐹𝑛 0.00 1,777.92
𝐹𝐵𝑛 0.00 1,777.92
𝑃𝑖 0.00 1,777.92
𝐶𝐻 5.86 1,783.78
𝐷𝐻 8.75 1,786.67
𝑆𝐻 1.87 1,779.79
𝑉𝐻 2.78 1,780.70

Harmonicity, primary processing time 1,262.02 𝜇s 𝑅𝐻
𝐹𝐻

0.00
0.00

1,262.02
1,262.02

MFCC
(13) 44.29 44.29

Table 4: Time analysis of the feature construction process.

Feature
constr.

Feature
type

Number of
features

Processing
time (𝜇s) Accuracy Best

clas.

RegDis MFCC 13 85.74 92.59% Bayes
MPEG-7 18 99.60 91.53% DecTr

Δ MFCC 13 0.388 94.71% Bayes
Δ + Δ2 MFCC 13 0.652 94.71% Bayes
SW
(5
frames)

MFCC 13 10.62 94.71% Bayes
MPEG-7 18 14.72 91.53% DecTr

HMM MPEG-7 18 84.39 84.13% —
ARIMA
(3,0,0) MPEG-7 18 25,613.0 70.37% Bayes

dependency when MPEG-7 features are used, showing an
exponential increase when the number of features character-
izing each frame (𝐷) also increases.

6.3. Frame (or Sequence) Classification Time. Once the fea-
ture extraction and construction processes are analyzed, the
next step must be to analyze the classification procedure
based on these features.

In a first stage, only extracted (or nonsequential) features
will be considered for classification purposes ((4a) or left
branch approach in Figure 1). As an example, Figure 8 shows
the time spent by the decision tree (the best classifier among
the proposed ones) to classify sounds of different duration
(or different number of frames), using the complete MPEG-
7 feature set. This classification time follows a clear linear
behavior (red line), this trend being similar to behavior
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Figure 5: Sliding window behavior for different window size.

obtained for the every proposed classifier.Therefore, it is pos-
sible to assume that the sound classification time is approxi-
mately proportional to the number of its frames, or, in other
words, that the classification time per frame is approximately
constant for the different proposed classifiers.

In this sense, Table 5 shows a summary of this time anal-
ysis. Additionally, it also shows the classification time relative
to the standard frame length (10ms), the relative classifica-
tion speed (the number of frames classified in a frame length),



Wireless Communications and Mobile Computing 9

0 2 4 6 8 10 12 14 16 18 20
10

20

30

40

50

60

70

80

90

Number of parameters

Fe
at

ur
e c

on
str

uc
tio

n 
tim

e (


s)
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Figure 7: ARIMA behavior for different number of features.

and the accuracy of the classification process when 18MPEG-
7 features are used. A more detailed explanation of the classi-
fication performance can be found in [6].

Obviously, for real-time audio processing, this relative
timemust be less than 100% (or in the samewords, the relative
speed must be greater than 1). As it has been previously
shown, all the algorithms fulfill these conditions, however
two of them being significantly slower: maximum likelihood
and 𝑘-nearest neighbors. This information is also depicted
in Figure 9 (using a logarithmic scale), which also indicates
the upper time limit (using a dashed red line) if a real-time
analysis is required.

However, the classification time per frame directly
depends on the number of features used (or input parame-
ters). In this sense, Figure 10 shows this dependence, where
its vertical axis is normalized by the maximum classification
time of each technique (obtained for 18 features).
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Figure 8: Decision tree classification time versus sound duration.

Table 5: Time analysis of the classification stage.

Classifier
Classification

time
(𝜇s)

Normalized
time
(%)

Speed
(classif. per
frame)

Accuracy
(MPEG-7)

MinDis 15 0.15% 690 58.73%
MaxLik 1175 11.75% 9 86.24%
DecTr 7 0.07% 1389 91.53%
kNN 207 2.07% 48 82.01%
SVM 27 0.27% 372 82.01%
LogReg 7 0.07% 1515 76.72%
Neur 8 0.08% 1333 75.66%
Discr 8 0.08% 1299 77.78%
Bayes 7 0.07% 1449 80.95%

In general, it is possible to identify an upward trend in
the classification time with the number of features for most
algorithms. Figure 11 shows the linear regression line for
this dependence. It reflects a moderate 20% increase when
the number of features increases from its minimum to its
maximum value.

Another issuewhich has to be addressed is the effect of the
number of classes on the processing times. It has no influence
on feature extraction and feature construction times as these
processes precede (and independent of) the definition of
classes. However, the number of classes does potentially have
influence on classification times. To explore this topic the
original dataset has been modified introducing additional
classes (anuran species or sounds) and labeling every frame
with a uniformly distributed random class (silence/noise is
considered as a class). It has to be underlined that they are not
real classes and their only purpose is for testing the impact of
the number and distribution of classes on processing times.
Figure 12 shows the results obtained for every algorithm and
its linear regression (dashed red line in the figure). Formost of
the classifiers, there is a moderate increase when the number
of classes increases.



10 Wireless Communications and Mobile Computing
Ti

m
e f

or
 cl

as
sifi

ca
tio

n 
(n

or
m

al
iz

ed
 to

 fr
am

e l
en

gt
h) 101

100

10−1

10−2

10−3

10−4

M
in

D
is

M
ax

Li
k

D
ec

Tr

kN
N

SV
M

Lo
gR

eg

N
eu

r

D
isc

r

Ba
ye

s

Figure 9: Relative classification time per frame using 𝐷 = 18
extracted features.
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Figure 10: Normalized classification time for different number of
features.

Following the scheme proposed in this paper, the next
step considers the sound sequential information using frame-
trend features (branch (4b) of Figure 1). This classification
extracted and constructed features are combined, using them
as input of the nonsequential classifiers being described
above. Specifically, frame trends are extracted using regional
dispersion, Δ parameters, or sliding window. However, as it
was seen above, these construction techniques can signifi-
cantly increase the total number of features. In this sense,
sliding window is the most restrictive (worst) case which,
using a window with 𝑤 frames, determines the use of 𝑤 × 𝐷
features in the classifier.
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Figure 11: Linear regression of classification time (results of all
classifiers).
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Figure 12: Normalized classification time for different number of
classes and its linear regression (dashed red line).

Figure 13 shows the normalized classification time (for
a 10ms frame length) corresponding to each analyzed algo-
rithm, when the full set of MPEG-7 features (18) and the SW
with a window size of 10 is used.

As in the previous analysis, all studied classifiers fulfill the
time constraints to operate in real-time mode, nevertheless
the maximum being the likelihood and 𝑘-NN results close to
the feasibility limit.

Obviously, this time also depends on the number of
features, which directly depends on the configuration of the
construction method (i.e., window size for SW). Figure 14
shows the classification time as a function of the number of
parameters when a feature construction method is used. In
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Figure 13: Relative classification time per frame using sliding
windows.
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Figure 14: Normalized classification time for different number of
features (extended to constructed features).

this figure, a SW with a window size of 10 frames has been
used and the time values (vertical axis) have been normalized
by the maximum feature dimension (10 × 18).

In this sense, it is easy to note that there exists a global
increasing behavior in the classification time depending on
the number of feature.This trend is clearly shown in Figure 15
where the linear regression of global data (all classifiers) has
been represented.Thus, it is possible to observe that the global
difference between 18 features (window size of 1, not adding
any trend-frame information) and 180 features (window size
of 10, maximum studied dimensionality) shows a remarkable
increase of approximately 50%.
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Figure 15: Linear regression of classification time (results of all
classifiers extended to constructed features).

Table 6: HMM classification time for an audio segment.

Classifier Classification
time

Classification
speed

Accuracy
(MPEG-7)

HMM 12.56ms/s
(1.26%) 80 84.13%

To finish the study of the classification time, the last topic
to be addressed is the sound segment (frame or sequence)
classification ((4c) or right branch of Figure 1). Specifically,
in this approach, two techniques have been evaluated: HMMs
and ARIMA models.

Figure 16 shows the HMM classification time as a func-
tion of the sound duration, when the minimum or the maxi-
mum number of MPEG-7 features are used. In this figure,
it is easy to identify a clear linear trend where the classifica-
tion time increases with the sound duration. So, it can be con-
cluded that the unitary classification time is approximately
constant, and it increases with the number of features.
Specifically, Table 6 shows the HMM classification time and
classification speed for the 18 MPEG-7 features set. As the
unitary classification time is less than 100%, it is possible to
claim that this algorithm is suitable for real-time processing.
Figure 17 reflects the dependency of this classification time
with respect to the number of features.

Conversely, ARIMA approach (as it was described above)
uses the same classifiers as those applied for frame classifica-
tion, now usually increasing the size of the feature set. There-
fore, the classification time is the same as that has already
been analyzed above and is reflected in Figure 14. The best
result corresponds to the Bayesian classifier with an accuracy
of 70.37%.

Finally, the last step is the classification of the full sound
file (process (5) of Figure 1). But this classification is just a
simple count of frame or segment classes, where the soundfile
is labeled as belonging to themost frequent frame class.Thus,
its processing time (approx. 10 ns) is negligible in comparison
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Figure 16: HMM classification time for different durations.

0 2 4 6 8 10 12 14 16 18
0.5

0.6

0.7

0.8

0.9

1

1.1

1.2

1.3

Number of parameters

Ti
m

e f
or

 cl
as

sifi
ca

tio
n 

(%
)

Figure 17:HMMclassification time for different number of features.

with previously analyzed classification processes, so it will be
ignored in this analysis.

6.4. Classifier Generation Time. After studying temporal
requirements of the three proposed stages for the audio
fragment classification, the next study will be the time
required to obtain each classifier. Obviously, this time is less
critical than those previously studied, since this stage is not
properly concerned in the real-time classification process.
However, this study would be of interest in cases where the
knowledge base is dynamic, or it has a periodic or iterative
training approach. In addition, it is true that the techniques
proposed (based on supervised classification approach) may
have significant deviations in the training period (depending
on the training data; the number of patterns; or their content).
Nevertheless, its results can be taken as a starting point
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Figure 18: Classifier generation time (for the full MPEG-7 feature
set).

to get some knowledge in comparing classifier generation
times.

Following the structure of this paper, the first analysis is
focused on the classifiers for nonsequential analysis (only a
single frame is considered). Figure 18 shows (in logarithmic
scale) the times required to obtain every classifier, using as
input patterns the set of 13,903 frames with the full set of
MPEG-7 features (18). Although some of these times are
highly valued for certain algorithms (several tens of seconds),
this fact does not make it a great challenge because, as it was
already mentioned, the classifiers are off-line generated and
they only have to be obtained once.

At a first glance, these generation times just depend on the
number of features. But a deeper insight into the classification
process shows that they also depend on the number of
patterns and even their values.Therefore, in order to compare
how the reduction of the number of features affects over these
times, several trainings with different feature set (mixing all
of them) have been performed as patterns. Figure 19 collects
this information, averaging the data obtained for the different
training data sets. It is important to note that vertical axis is
logarithmically scaled, and its values are normalized by the
classifier generation time when the full MPEG-7 feature set is
considered (see also Figure 18).

Additionally, the number distribution and proportion of
classes could have a certain impact on the time required to
train a classifier. To explore this issue, as it was previously
mentioned, the original dataset has been modified intro-
ducing additional classes (anuran species or sounds) with a
random distribution and proportion. Figure 20 shows the
results obtained that reveals, for most of the algorithm, a very
limited influence (with the logistic regression classifier as the
only remarkable exception).

Now, let us focus the analysis in the cases where frame
sequence information is added, that is, when some features
are constructed using regional dispersion, Δ parameters,
or sliding window techniques. As it was seen above, these
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Figure 19: Normalized classifier generation time for different num-
ber of features.
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Figure 20: Normalized classifier generation time for different num-
ber of classes.

construction techniques can significantly increase the total
number of features. In this sense, sliding window is the
most restrictive (worst) case which, using a window with 𝑤
frames, determines the use of 𝑤 ×𝐷 features in the classifier.
Figure 21 summarizes the classifier generation times using the
full MPEG-7 feature set and a window size of 10 (reaching a
total of 180 features).

As for nonsequential classifiers, Figure 22 shows the
generation times as a function of the number of features used.
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Figure 21: Classifier generation time (using the fullMPEG-7 feature
set and SW with a windows size of 10).
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Figure 22: Normalized classifier generation time for different
number of features (extended to constructed features).

This relationship has been analyzed with a large number of
pattern combinations (mixing all of them) and then averaging
all performance data from different training processes. It is
important to note that vertical axis also is logarithmically
scaled, and its values are normalized by the classifier gener-
ation time when the full MPEG-7 feature set is considered
(180).Thus, it is easy to note that the classifier generation time
increases with the number of features for most algorithms,
some of these growths being very intense (between one or two
orders of magnitude).

Finally, the last concern of this analysis will be the
generation times for sequential classifiers, that is, HMM and
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Figure 23: HMM classifier generation time for different number of
features.

ARIMA models. In the first of these approaches (HMM),
Figure 23 shows the time needed to obtain the classifier based
on the training patterns (averaging its results among the
different combinations or training sets). In this sense, it is easy
to note that, for more than three features, the generation time
exceeds the audio fragment duration (139 sec., see Table 2).

On the other hand, audio classification using ARIMA
models uses the same classifiers previously considered,
although increasing the feature set dimension. In this sense,
the generation times of these classifiers will show the same
results to those analyzed above (Figure 22).

7. Conclusions

Throughout this paper, an animal voice classification scheme
forWASNhas been proposed.This scheme proposes different
alternatives to achieve this goal, always taking into account
the power composition limitations of these kinds of plat-
forms. In this sense, this paper is completed with a detailed
comparative time study of each proposed algorithm within
the scheme. It has been possible to find a tradeoff between
the classification result accuracy and the required processing
time.

From this analysis, several conclusions can be high-
lighted. For example, MPEG-7 feature extraction requires an
important relative computational load (around of 30% of the
audio fragment time). Conversely, this load falls to 0.5% for
MFCC extraction time, considerably reducing the computa-
tional load. Additionally, it is easy to note that most fea-
ture construction techniques (either adding frame trend or
sequential information) require a low processing cost, rang-
ing approximately between the 1% of the frame time for
regional dispersion or HMM and the 0.1% for sliding win-
dows. Conversely, ARIMA models significantly exceed this
limit where classification times exponentially grow with the
number of features. For the first classification stage, it is also
easy to note that the classification time depends remarkably
on the type of classifier and the number of parameters (as

it can be seen in the different comparisons). However, these
requirements are also typically low (between 0.1% and 1%
of the frame duration). Only in two of them (maximum
likelihood and 𝑘-neighbors), this time reaches up to the
40%, which could jeopardize its application to real-time
classification. Finally, although classifier generation times
do not affect its real-time capabilities, it could be useful in
systems with dynamic knowledge base, increasing some of
them (i.e., logistic regression, SVM, or HMM) several orders
of magnitude respect to others with lower computational cost
(minimal distance and 𝑘-NN).

From an implementation approach, a first result indicates
that the proposed prototype for anuran song classification is
able to operate in real-time, taking all alternatives less than
the audio duration. Thus, some concerns have to be taken
into account when this algorithm is deployed in a WASN
node (typically with fewer resources). In this sense, these
potential node limitations could be easily compensated with
the Digital Signal Processing (DSP) resources, commonly
available in modern platforms for this purpose (i.e., ARM�
Cortex�-M4 processes), which would greatly reduce feature
extraction times (one of themost costly phases in theMPEG-
7 approach). Additionally, a reduction in the sample rate
could also be occasionally possible if it was necessary.
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