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Wireless Sensor Networks (WSNs) 
Sensor node locations often unavailable 
Sensor’s location gives meaning to the data 

WSNs composed of smartphones have many trending 
applications: 

Acoustic WSN (AWSN) 
Indoor positioning systems 
Surveillance  
Health monitoring 
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Introduction

Indoor applications: GPS not 
available 

RF, acoustic and infrared 
signals used for node 
localization 
Common measurements: TOA, 
DOA, RSS 

Problems: 
Random measurements (time-
varying and static errors) 

Lack of synchronization  
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Proposed approach 
Blind node localization (no reference 
sensors) 
Each node is a state-of-the art smartphone 
with two microphones 
Nodes are localized and orientated 
combining the information from different 
sensors: 
Microphones, Loudspeaker, Accelerometer, 
Magnetometer 

Distributed localization: cooperation 

Scope
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Active localization, oriented nodes

J nodes fully interconected, each node estimates its own orientation 
(magnetometer) 
Distributed schema, no precise clock synchronization. 
Node k transmits an acoustic chirp 5-10 kHz (0.1 s) 
The remaining nodes (J-1) estimate de position of node k 
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DOA+range: estimation of node k 
position 

Each node estimates acoustic DOA 
DOA, RSS, and other acoustic 
parameters are used to estimate the 
range of the node => Neural network  
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Problem formulation

Assume an ad hoc fully connected 
network with J nodes 
(smartphones). Signals in node j: 

Goal: localize and orientate J nodes 
(2D) 
Localize m1+orientation ϕ
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DOA estimation

DOA estimation (acoustic) 

DOA estimated from TDOA between 2 
mics 

Since we know the transmitted signal 
TDOA is calculated from TOA in each 
mic 
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Range estimation

Range estimation (acoustic + RF) 
Estimation based on an Artificial Neural Network (ANN). 
FF network with 3 hidden layers. 

Input features for estimation: 
Received acoustic power (RMS) of the 2 channels 
Estimated DOA 
Direct-to-Reverberant Ratio (DRR) 
ED estimated from the output of a DS beamformer steered 
towards the estimated DOA 
RT20 : Time required for reflections of a direct sound to decay 
20 dB. Estimated from the cross-correlation function of 
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Range estimation
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TABLE II

MEAN AND STANDARD DEVIATION OF THE LOCALIZATION ERROR, AS A FUNCTION OF THE NUMBER OF NODES J , WHEN THE ML-DONL ALGORITHM
USES NCME AND FCME TO RESOLVE LOCALIZATION (SECOND STEP). THE TRIMEAN OF THE BEST 85% ESTIMATIONS AND THE NUMBER OF

OPERATIONS REQUIRED IN ITS CASE ARE ALSO SHOWN. VALUES ARE OBTAINED WITH σφ = 5°

Fig. 4. RMSE obtained in the test set as a function of the number of neurons.

B. Design of the Range Local Estimator (ANN)

In order to train and test the ANN-based range estimator,
the database is split in two independent sets, a training set con-
taining 50% of the scenarios (150) and a testing set containing
the other 50% (150) of the scenarios. The proposed ANN has
been trained using the backpropagation algorithm [29]. The
input features described in Section IV-A2 are extracted from
the database. In order to find a tradeoff between computational
complexity and range accuracy, different ANNs have been
trained varying the number of neurons. In addition, each ANN
has been trained 50 times. The RMSE in the range estimation
obtained in the test set for different neurons is represented
in Fig. 4. From Fig. 4, we can easily deduce that a good
tradeoff between computational complexity and performance
is obtained with five hidden neurons, since a further increase in
the number of neurons does not entail any important reduction
in the range estimation error. With five neurons, the RMSE
value is 0.13 m. The results of the localization algorithm
presented in the next section have been obtained using the
five-neuron ANN that renders the best results over the training
set. Finally, it is worth mentioning that the training procedure
is performed offline during the design step and that during
the localization process, it is not necessary to recalculate the
network weights.

C. Node Localization Results

Table II contains the mean and standard deviation of the
localization error, as a function of the number of nodes J ,
when the second step of the ML-DONL algorithm (localization
step) uses the NCME method and when it uses the FCME
method. Table II also shows the trimean of the best 85%

Fig. 5. Histogram of the localization error in the test set for J = 5 and
σφ = 5°.

estimations and the number of operations required in its case.
Values are obtained considering σφ = 5°. From Table II, we
can observe that the use of the FCME method in the second
step of the ML-DONL algorithm reduces the localization
error 18% on average in comparison with the NCME solution,
with an average increase in the number of operations of 21%.
Concerning the number of nodes J , the proposed algorithm
increases its estimation accuracy when the number of nodes
increases. There is an almost linear relationship between the
localization error and the number of nodes up to J = 6. For
higher number of nodes, the decrement in the error is not
so noticeable. This result is expected, since the optimization
algorithm has more information for higher number of nodes
and it can compensate large local estimation errors that may
happen in a single or several nodes. Regarding the standard
deviation of the error, we can appreciate considerably large
values. A deeper analysis has revealed that large localization
errors are associated with large error or missing TDOA estima-
tions, cases identified in 12% of the total number of records.
This fact is illustrated in Fig. 5, which shows the histogram
of the localization error in the test set for J = 5 and FCME.
It is clear how most of the error values are well concentrated
around the mean value (0.197 m) but there are few of them
that are quite away from that value (outliers). In addition,
Table II shows the mean values for the best 85% of the cases,
which are 35% higher in the case of NCME and 37% in the
case of FCME. The maximum number of operations (FCME
for J = 10) is only 0.05 MIPS. Considering a commercial
off-the-shelf smartphone with a quad-core processor working
at 1.3 GHz, it represents only approximately 0.001% of the
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ML estimation of the position

Probability density function of the measurements 

Log-Likelihood
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and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρx x(J, j)v J j − ρx x ( j, J )v j J

+ · · · + ρxy(J, j)wJ j − ρxy( j, J )w j J
J∑

j=1
ρyx(1, j)v1 j − ρyx( j, 1)v j1

+ · · · + ρyy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρyx(J, j)v J j − ρyx ( j, J )v j J

+ · · · + ρyy(J, j)wJ j − ρxy( j, J )w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρx x(J, j)v J j − ρx x ( j, J )v j J

+ · · · + ρxy(J, j)wJ j − ρxy( j, J )w j J
J∑

j=1
ρyx(1, j)v1 j − ρyx( j, 1)v j1

+ · · · + ρyy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρyx(J, j)v J j − ρyx ( j, J )v j J

+ · · · + ρyy(J, j)wJ j − ρxy( j, J )w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρx x(J, j)v J j − ρx x ( j, J )v j J

+ · · · + ρxy(J, j)wJ j − ρxy( j, J )w j J
J∑

j=1
ρyx(1, j)v1 j − ρyx( j, 1)v j1

+ · · · + ρyy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρyx(J, j)v J j − ρyx ( j, J )v j J

+ · · · + ρyy(J, j)wJ j − ρxy( j, J )w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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for localization. In [15], visual information of the surroundings
is used for localization, but a database of images contain-
ing additional information about positioning is required. The
work in [16] proposes an acoustic-based node localization
system (ASSIST) using high-pitch chirps. It assumes at least
three available known-location receivers and wireless synchro-
nization, obtaining localization errors around 30 cm. This and
other works assume WiFi synchronization with a precision
up to 0.1 ms. Achieving this synchronization in off-the-shelf
smartphones is not an easy task, being necessary either to
control the hardware or to have root access to the OS. The
use of acoustic/visual signals may improve the localization
accuracy, but they decrease the maximum localization range
achievable with RF signals.

In this paper, we propose an algorithm for blind node
localization in a WSN, considering that each node is a state-
of-the-art smartphone containing two microphones. The nodes
are localized and oriented using acoustic signals and inertial
sensors, as proposed in [17]. RF (WiFi) signals are only
used to exchange data between nodes. By contrast to other
related works, the algorithm does not need any known-location
sensor nor any prior synchronization between nodes. The
proposed approach is intended for the localization of acoustic
nodes within a room to create a WASN (i.e., a wireless
microphone array). This has many trending applications in
distributed audio processing: speech enhancement, which is
useful for teleconference systems, hearing aids, automatic
speech recognition and speaker identification [4], [18]; blind
source separation and echo cancelation [19]; speaker localiza-
tion and tracking [20], [21]; voice activity detection [22]; or
ambient intelligent [23]. The method assumes that the nodes
are static during the localization procedure, which takes a few
seconds. This assumption is valid in WASNs. For instance,
the WASN can be composed of smartphones and wireless-
communicated hearing aids. Using external microphones, the
ability of the hearing aids to enhance noisy-speech is notably
increased. Finally, it is important to highlight that the proposed
algorithm is designed considering the software and hardware
limitations found in Android devices.

III. PROBLEM FORMULATION

Let us consider an ad hoc broadcasting WSN with J nodes,
in which each node j is a state-of-the-art smartphone that has
direct access to a set of signals provided by the sensors.

1) Two Microphones: m1 j (t) (back microphone origi-
nally intended noise reduction) and m2 j (t) (front
microphone).

2) 3-D Accelerometer: a j (t) = [ax j (t), ayj (t), azj (t)]
[m/s2].

3) 3-D Magnetometer: b j (t) = [bx j (t), b yj (t), bzj (t)]
[µT].

In addition, each node can reproduce a signal s j (t) through
its loudspeaker. The index (t) represents time. For the sake
of simplicity, and without loss of generality, we only consider
the 2-D case where the devices lie on the xy plane with their
back pointing upward. This can be a typical situation where
all the smartphones are over a table. In order to obtain an

Fig. 1. Node configuration: dm and βm are the distance and the angle
between the two microphones, respectively, and ds and βs are the distance
and the angle between the back microphone and the speaker, respectively. The
angle φ represents the orientation of the node with respect to the z-axis.

estimation of the elevation 3-D, the nodes would need to have
more than two microphones to form a 2-D array, which is not
common in commercial smartphones. The relative positions of
the microphones and the loudspeaker are fixed characteristics
for a given smartphone, and they are assumed to be known in
advance. Fig. 1 represents a typical smartphone configuration,
where dm and βm are the distance and the angle between
the two microphones, respectively, ds and βs are the distance
and the angle between the back microphone and the speaker,
respectively, and φ the orientation of the node with respect to
the xy plane.

The goal of the localization procedure is to obtain the
Euclidean positions of the J nodes in the network as well
as their orientations. Let us define the position matrices M1 =
[m1x , m1y], M2 = [m2x , m2y], and P = [px , py] containing
the 2-D Cartesian coordinates of the back microphone, the
front microphone, and the speaker, respectively, for J nodes
(i.e., m1x = [xm11, . . . , xm1J ]T , m1y = [ym11, . . . , ym1J ]T ,
m2x = [xm21, . . . , xm2J ]T , m2y = [ym21, . . . , ym2J ]T , px =
[x p1, . . . , x p J ]T , py = [yp1, . . . , yp J ]T ). Knowing the posi-
tion of one of the three previous sensors and the orientation
of the nodes φ = [φ1, . . . ,φJ ], it is possible to calculate the
position of the remaining two elements. For instance, if we
assume to know the positions of the back microphones (M1),
and according to Fig. 1, the positions of the front micro-
phones (M2) and the loudspeakers (S) are given by

M2 = M1 +

⎛

⎜⎝
dm1 cos(φ1 + βm1) dm1 sin(φ1 + βm1)

...
...

dm J cos(φJ + βm J ) dm J sin(φJ + βm J )

⎞

⎟⎠ (1)

P = M1 +

⎛

⎜⎝
ds1 cos(φ j + βs1) ds1 sin(φ j + βs1)

...
...

ds J cos(φ j + βs J ) ds J sin(φ j + βs J )

⎞

⎟⎠. (2)

According to this, a node can be completely located by
estimating the position of its loudspeaker and its orientation.
Henceforth, the localization problem is reduced to the estima-
tion of 2J loudspeaker coordinates P = [px , py].

Finally, Table I summarizes the underlying assumptions
taken in the proposed approach.

IV. PROPOSED NODE LOCALIZATION METHOD

The proposed algorithm combines acoustic signals and
inertial sensors to estimate the position of the loudspeakers

AYLLÓN et al.: INDOOR BLIND LOCALIZATION OF SMARTPHONES BY MEANS OF SENSOR DATA FUSION 787

and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρx x(J, j)v J j − ρx x ( j, J )v j J

+ · · · + ρxy(J, j)wJ j − ρxy( j, J )w j J
J∑

j=1
ρyx(1, j)v1 j − ρyx( j, 1)v j1

+ · · · + ρyy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρyx(J, j)v J j − ρyx ( j, J )v j J

+ · · · + ρyy(J, j)wJ j − ρxy( j, J )w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρx x(J, j)v J j − ρx x ( j, J )v j J

+ · · · + ρxy(J, j)wJ j − ρxy( j, J )w j J
J∑

j=1
ρyx(1, j)v1 j − ρyx( j, 1)v j1

+ · · · + ρyy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρyx(J, j)v J j − ρyx ( j, J )v j J

+ · · · + ρyy(J, j)wJ j − ρxy( j, J )w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...
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j=1
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⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρx x(J, j)v J j − ρx x ( j, J )v j J

+ · · · + ρxy(J, j)wJ j − ρxy( j, J )w j J
J∑

j=1
ρyx(1, j)v1 j − ρyx( j, 1)v j1

+ · · · + ρyy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρyx(J, j)v J j − ρyx ( j, J )v j J

+ · · · + ρyy(J, j)wJ j − ρxy( j, J )w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.
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have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1
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expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
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Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in
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Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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nodes in the origin of coordinates, so that
∑J

j=1 x j = 0 and∑J
j=1 y j = 0. These two equations can be added to the system

of equations given in (14), allowing to solve the problem by
means of the inversion of a 2J × 2J matrix.

The system of equations in (14) provides an analytical
solution to the node localization problem, but it requires to
estimate the covariance matrices of the measurements, C j k ,
which typically requires O((2J )3) operations. For this pur-
pose, we propose two solutions.

1) A simple choice supposing that all the covariance
matrices are equal and proportional to the identity
matrix [we denominate this naive covariance matrix
estimation (NCME)].

2) A full covariance matrix estimation (FCME), in which
the covariance matrices are estimated taking into account
the errors in the estimation of measurements of both the
DOA and the range.

1) Naive Covariance Matrix Estimation: In a first approach,
we suppose that all the covariance matrices are equal and
proportional to the identity matrix, so that D j k = ρI, with
ρ = 0 when j = k. This is equivalent to assume that
the variables of the pdf are independent and their standard
deviation is constant. In this scenario, σr ( j, k) and σγ ( j, k) are
not used, so every estimation has the same weight. Under these
conditions, Hx x = Hyy = ρ(J − I), J being a J × J matrix of
ones and Hxy = Hyx = 0. Considering this simplification, the
system of linear equations given in (14) can be expressed as

(
J I − J 0

0 J I − J

)
· p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2

J∑
j=1

v1 j − v j1

...
1
2

J∑
j=1

v J j − v j J

1
2

J∑
j=1

w1 j − w j1

...
1
2

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(17)

where I is a J × J identity matrix.
Adding the constraint

∑J
j=1 x j = 0 to the first J equations,

and the constrain
∑J

j=1 y j = 0 to the last J equations,
the system of equations becomes now trivial, obtaining the
solution given in

p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2J

J∑
j=1

v1 j − v j1

...
1

2J

J∑
j=1

v J j − v j J

1
2J

J∑
j=1

w1 j − w j1

...
1

2J

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (18)

The NCME method estimates the position of the nodes very
fast, so it is of special interest when the computational cost
is relevant. Due to this fact, the NMCE method can be of
special interest in solving the uncertainty problem, as it will
be described later.

2) Full Covariance Matrix Estimation: In order to deter-
mine an analytical expression for the covariance matrix C j k ,
the polar to Cartesian conversion can be carried out using an
approximation of the nonlinear function at the measured point.
Let us consider the functions x = (r jk+$r)·cos(γ j k+$γ) and
y = (r jk +$r) · sin(γ j k +$γ ), where E{$r} = E{$γ } = 0,
E{ f ($r)g($γ )} = E{ f ($r)}E{g($γ )}, and E{$r2} = σ 2

r ,
and E{$γ 2} = σ 2

γ . Then, E{x} = r jk cos(γ j k) and
E{y} = r jk sin(γ j k). Applying trigonometric properties, we
obtain

x = (r jk + $r) · (cos(γ j k) cos($γ ) − sin(γ j k) sin($γ ))

(19)

y = (r jk + $r) · (sin(γ j k) cos($γ ) + cos(γ j k) sin($γ )).

(20)

Considering that the value of $γ is small (i.e., small error in
the DOA estimation), it is possible to take the approximations:
sin($γ ) ≃ $γ and cos($γ ) ≃ 1. In order to estimate the
terms of the covariance matrix, we must determine its values
one by one, so that σ 2

x x ( j, k) = E{x2} − E{x}2, σ 2
yy( j, k) =

E{y2} − E{y}2, and σ 2
xy( j, k) = σ 2

yx( j, k) = E{xy} −
E{x}E{y}. After evaluating these terms using (20) and (21),
we can estimate the covariance matrix as

C j k ≃ R j k ·
(

σ 2
r 0
0 σ 2

a
(
r2

j k + σ 2
r
)
)

· RT
jk (21)

where R j k is a rotation matrix, given by

R j k =
(

cos(γ j k) − sin(γ j k)
sin(γ j k) cos(γ j k)

)
. (22)

Taking into account that R−1
j k = RT

jk , the inverse of the
covariance matrix D j k containing the corresponding ρ values
can be easily obtained using

D j k = C−1
j k ≃ RT

jk ·

⎛

⎜⎜⎝

1
σ 2

r
0

0
1

σ 2
γ

(
r2

j k + σ 2
r
)

⎞

⎟⎟⎠ · R j k . (23)

This is an interesting way of estimating D j k as a function of
the values of the local estimates r jk and γ j k and the errors
in these estimations σ 2

r and σ 2
γ . At this point, it is important

to highlight that these errors can either be considered constant
for all the measurements, or they can be modeled or estimated
in function of the measured values.

C. ML-Based Distributed Optimization for Node Localization

The ML estimator of node locations described in
Section IV-B assumes that γ j k ∈ [−π,π]. However, as
it was previously mentioned, for DOA estimations using
two microphones, there are two possible angles ± α j k asso-
ciated with every τ j k value. This uncertainty is a problem for
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nodes in the origin of coordinates, so that
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j=1 x j = 0 and∑J
j=1 y j = 0. These two equations can be added to the system

of equations given in (14), allowing to solve the problem by
means of the inversion of a 2J × 2J matrix.

The system of equations in (14) provides an analytical
solution to the node localization problem, but it requires to
estimate the covariance matrices of the measurements, C j k ,
which typically requires O((2J )3) operations. For this pur-
pose, we propose two solutions.

1) A simple choice supposing that all the covariance
matrices are equal and proportional to the identity
matrix [we denominate this naive covariance matrix
estimation (NCME)].

2) A full covariance matrix estimation (FCME), in which
the covariance matrices are estimated taking into account
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DOA and the range.
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we suppose that all the covariance matrices are equal and
proportional to the identity matrix, so that D j k = ρI, with
ρ = 0 when j = k. This is equivalent to assume that
the variables of the pdf are independent and their standard
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Adding the constraint
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fast, so it is of special interest when the computational cost
is relevant. Due to this fact, the NMCE method can be of
special interest in solving the uncertainty problem, as it will
be described later.
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to highlight that these errors can either be considered constant
for all the measurements, or they can be modeled or estimated
in function of the measured values.

C. ML-Based Distributed Optimization for Node Localization

The ML estimator of node locations described in
Section IV-B assumes that γ j k ∈ [−π,π]. However, as
it was previously mentioned, for DOA estimations using
two microphones, there are two possible angles ± α j k asso-
ciated with every τ j k value. This uncertainty is a problem for

AYLLÓN et al.: INDOOR BLIND LOCALIZATION OF SMARTPHONES BY MEANS OF SENSOR DATA FUSION 787

and the amplitudes of the successive peaks represent
the reflection signal level. This value is estimated as
the ratio between the energy of the first peak and the
summation of the energies associated with the following
peaks whose energies have not decayed more than 20 dB
from the one of the main peak.

3) Self-Orientation Method: The orientation of the j th node
φj is locally estimated using the information collected from the
accelerometer (a j ) and the magnetometer (b j ). Time indices
have been dropped for simplicity. The coordinate system of the
smartphone is defined as shown in Fig. 1. Defining the two
cross products h j = b j × a j and m j = a j × h j and assuming
that the device lies parallel to the yx plane, its rotation
within the z-axis is given by φ j = atan2(hyj , myj ), where
hyj = bzj ax j − bx j azj and myj = azj hx j − ax j hzj .

Acceleration and magnetic field measurements are subject to
noise. Since every reading produces an orientation estimation,
in order to obtain a stable orientation estimation, a moving
average is calculated with the orientations stored in a buffer
of length 15 samples. When the difference between the current
moving average and the previous one is larger than a threshold
(established to 5°), a new orientation estimate is produced.

Orientation errors are unavoidable due to sensor errors
in the accelerometer and especially in the magnetometer. It
is common that in indoor environments there exist different
magnetic fields affecting the magnetic sensor. In order to
decrease this effect, the magnetometer of each device can be
calibrated. To do that, the device should be slowly rotated
around one axis (around 5 s for a full rotation). The operation
should be repeated for the three axes. Once the magnetometer
has been calibrated, the root mean square (RMS) orientation
error that we found is 5.5°.

B. ML Estimator of Node Locations

Let us consider that a set of estimations of the range r jk
and incidence angle γ j k from the kth node to the j th node are
available (local estimates), and each of these estimations has
an associated standard deviation error, σr ( j, k) and σγ ( j, k).
The objective is to estimate the position matrix P = [px , py]
from the measurement pairs, taking into account the standard
deviation of each measurement.

Each polar measurement (azimuth and distance pair) is
converted into a measurement vector in Cartesian coordinates
d j k = (v j k, w j k), where v j k = r jk · cos(γ j k) and w j k =
r jk · sin(γ j k), with r jk ≥ 0 and γ j k ∈ [−π,π] for all j and k
from 1 to J . Let us consider the joint probability density
function (pdf) of the measurements in Cartesian coordinates
as a multivariate normal distribution, given by

f j k(P) = 1

2π |C j k|
1
2

e
(
− 1

2 (p j −pk−d jk)C−1
jk (p j −pk−d jk )T

)
(10)

where C j k is the covariance matrix of the pdf related to the
vector that the j th node measures to the kth node and pk is a
column vector containing the two components of the position
of the kth node. It is possible to obtain the most probable node
locations using an ML estimator, where the log-likelihood L

of a given node position is calculated using

L =
J∑

j=1

J∑

k=1
k ̸= j

log( f j k(P)). (11)

Replacing (10) in (11) and simplifying, the next expression is
obtained

L = b − 1
2

J∑

j=1

J∑

k=1

(p j −pk −d j k)D j k(p j − pk − d j k)
T (12)

where b = − log(2π |C j k|1/2), and D j k = C−1
j k for j ̸= k and

a zero matrix for j = k

D j k =
(

ρx x( j, k) ρxy( j, k)
ρyx( j, k) ρyy( j, k)

)
∀ j ̸= l. (13)

To maximize the log-likelihood expression (12) have
to be differentiated with respect to each term of the
vector p = (x1, . . . , xN , y1, . . . , yN )T and equaling each
expression to zero, obtaining a system of 2J linear equations.
This system of equations can be expressed in matrix notation
according to

(
diag(Rx x j) − Rx x diag(Rxyj) − Rxy
diag(Ryx j) − Ryx diag(Ryyj) − Ryy

)
· p = S (14)

where j is a column vector of J ones, diag(x) is a diagonal
matrix whose diagonal elements are x, and Rxy = Hxy +HT

xy,
Hxy being a J × J matrix containing the corresponding x − y
terms of D j k, as it is expressed in

Hxy =

⎛

⎜⎜⎜⎝

0 ρxy(1, 2) . . . ρxy(1, J )
ρxy(2, 1) 0 . . . ρxy(2, J )

...
...

...
ρxy(J, 1) ρxy(J, 2) . . . 0

⎞

⎟⎟⎟⎠
. (15)

Finally, the independent term in the system of equations (S)
can be determined using expression

S =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

J∑
j=1

ρx x(1, j)v1 j − ρx x( j, 1)v j1

+ · · · + ρxy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρx x(J, j)v J j − ρx x ( j, J )v j J

+ · · · + ρxy(J, j)wJ j − ρxy( j, J )w j J
J∑

j=1
ρyx(1, j)v1 j − ρyx( j, 1)v j1

+ · · · + ρyy(1, j)w1 j − ρxy( j, 1)w j1
...

J∑
j=1

ρyx(J, j)v J j − ρyx ( j, J )v j J

+ · · · + ρyy(J, j)wJ j − ρxy( j, J )w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (16)

Since the rank of the coefficient matrix in (14) is 2J − 2,
it corresponds with an underdetermined system of equations,
and two additional constrains must be added to solve it.
In this paper, we propose to place the center of mass of the
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nodes in the origin of coordinates, so that
∑J

j=1 x j = 0 and∑J
j=1 y j = 0. These two equations can be added to the system

of equations given in (14), allowing to solve the problem by
means of the inversion of a 2J × 2J matrix.

The system of equations in (14) provides an analytical
solution to the node localization problem, but it requires to
estimate the covariance matrices of the measurements, C j k ,
which typically requires O((2J )3) operations. For this pur-
pose, we propose two solutions.

1) A simple choice supposing that all the covariance
matrices are equal and proportional to the identity
matrix [we denominate this naive covariance matrix
estimation (NCME)].

2) A full covariance matrix estimation (FCME), in which
the covariance matrices are estimated taking into account
the errors in the estimation of measurements of both the
DOA and the range.

1) Naive Covariance Matrix Estimation: In a first approach,
we suppose that all the covariance matrices are equal and
proportional to the identity matrix, so that D j k = ρI, with
ρ = 0 when j = k. This is equivalent to assume that
the variables of the pdf are independent and their standard
deviation is constant. In this scenario, σr ( j, k) and σγ ( j, k) are
not used, so every estimation has the same weight. Under these
conditions, Hx x = Hyy = ρ(J − I), J being a J × J matrix of
ones and Hxy = Hyx = 0. Considering this simplification, the
system of linear equations given in (14) can be expressed as

(
J I − J 0

0 J I − J

)
· p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2

J∑
j=1

v1 j − v j1

...
1
2

J∑
j=1

v J j − v j J

1
2

J∑
j=1

w1 j − w j1

...
1
2

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(17)

where I is a J × J identity matrix.
Adding the constraint

∑J
j=1 x j = 0 to the first J equations,

and the constrain
∑J

j=1 y j = 0 to the last J equations,
the system of equations becomes now trivial, obtaining the
solution given in

p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2J

J∑
j=1

v1 j − v j1

...
1

2J

J∑
j=1

v J j − v j J

1
2J

J∑
j=1

w1 j − w j1

...
1

2J

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (18)

The NCME method estimates the position of the nodes very
fast, so it is of special interest when the computational cost
is relevant. Due to this fact, the NMCE method can be of
special interest in solving the uncertainty problem, as it will
be described later.

2) Full Covariance Matrix Estimation: In order to deter-
mine an analytical expression for the covariance matrix C j k ,
the polar to Cartesian conversion can be carried out using an
approximation of the nonlinear function at the measured point.
Let us consider the functions x = (r jk+$r)·cos(γ j k+$γ) and
y = (r jk +$r) · sin(γ j k +$γ ), where E{$r} = E{$γ } = 0,
E{ f ($r)g($γ )} = E{ f ($r)}E{g($γ )}, and E{$r2} = σ 2

r ,
and E{$γ 2} = σ 2

γ . Then, E{x} = r jk cos(γ j k) and
E{y} = r jk sin(γ j k). Applying trigonometric properties, we
obtain

x = (r jk + $r) · (cos(γ j k) cos($γ ) − sin(γ j k) sin($γ ))

(19)

y = (r jk + $r) · (sin(γ j k) cos($γ ) + cos(γ j k) sin($γ )).

(20)

Considering that the value of $γ is small (i.e., small error in
the DOA estimation), it is possible to take the approximations:
sin($γ ) ≃ $γ and cos($γ ) ≃ 1. In order to estimate the
terms of the covariance matrix, we must determine its values
one by one, so that σ 2

x x ( j, k) = E{x2} − E{x}2, σ 2
yy( j, k) =

E{y2} − E{y}2, and σ 2
xy( j, k) = σ 2

yx( j, k) = E{xy} −
E{x}E{y}. After evaluating these terms using (20) and (21),
we can estimate the covariance matrix as

C j k ≃ R j k ·
(

σ 2
r 0
0 σ 2

a
(
r2

j k + σ 2
r
)
)

· RT
jk (21)

where R j k is a rotation matrix, given by

R j k =
(

cos(γ j k) − sin(γ j k)
sin(γ j k) cos(γ j k)

)
. (22)

Taking into account that R−1
j k = RT

jk , the inverse of the
covariance matrix D j k containing the corresponding ρ values
can be easily obtained using

D j k = C−1
j k ≃ RT

jk ·

⎛

⎜⎜⎝

1
σ 2

r
0

0
1

σ 2
γ

(
r2

j k + σ 2
r
)

⎞

⎟⎟⎠ · R j k . (23)

This is an interesting way of estimating D j k as a function of
the values of the local estimates r jk and γ j k and the errors
in these estimations σ 2

r and σ 2
γ . At this point, it is important

to highlight that these errors can either be considered constant
for all the measurements, or they can be modeled or estimated
in function of the measured values.

C. ML-Based Distributed Optimization for Node Localization

The ML estimator of node locations described in
Section IV-B assumes that γ j k ∈ [−π,π]. However, as
it was previously mentioned, for DOA estimations using
two microphones, there are two possible angles ± α j k asso-
ciated with every τ j k value. This uncertainty is a problem for
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nodes in the origin of coordinates, so that
∑J

j=1 x j = 0 and∑J
j=1 y j = 0. These two equations can be added to the system

of equations given in (14), allowing to solve the problem by
means of the inversion of a 2J × 2J matrix.

The system of equations in (14) provides an analytical
solution to the node localization problem, but it requires to
estimate the covariance matrices of the measurements, C j k ,
which typically requires O((2J )3) operations. For this pur-
pose, we propose two solutions.

1) A simple choice supposing that all the covariance
matrices are equal and proportional to the identity
matrix [we denominate this naive covariance matrix
estimation (NCME)].

2) A full covariance matrix estimation (FCME), in which
the covariance matrices are estimated taking into account
the errors in the estimation of measurements of both the
DOA and the range.

1) Naive Covariance Matrix Estimation: In a first approach,
we suppose that all the covariance matrices are equal and
proportional to the identity matrix, so that D j k = ρI, with
ρ = 0 when j = k. This is equivalent to assume that
the variables of the pdf are independent and their standard
deviation is constant. In this scenario, σr ( j, k) and σγ ( j, k) are
not used, so every estimation has the same weight. Under these
conditions, Hx x = Hyy = ρ(J − I), J being a J × J matrix of
ones and Hxy = Hyx = 0. Considering this simplification, the
system of linear equations given in (14) can be expressed as

(
J I − J 0

0 J I − J

)
· p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2

J∑
j=1

v1 j − v j1

...
1
2

J∑
j=1

v J j − v j J

1
2

J∑
j=1

w1 j − w j1

...
1
2

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(17)

where I is a J × J identity matrix.
Adding the constraint

∑J
j=1 x j = 0 to the first J equations,

and the constrain
∑J

j=1 y j = 0 to the last J equations,
the system of equations becomes now trivial, obtaining the
solution given in

p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2J

J∑
j=1

v1 j − v j1

...
1

2J

J∑
j=1

v J j − v j J

1
2J

J∑
j=1

w1 j − w j1

...
1

2J

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (18)

The NCME method estimates the position of the nodes very
fast, so it is of special interest when the computational cost
is relevant. Due to this fact, the NMCE method can be of
special interest in solving the uncertainty problem, as it will
be described later.

2) Full Covariance Matrix Estimation: In order to deter-
mine an analytical expression for the covariance matrix C j k ,
the polar to Cartesian conversion can be carried out using an
approximation of the nonlinear function at the measured point.
Let us consider the functions x = (r jk+$r)·cos(γ j k+$γ) and
y = (r jk +$r) · sin(γ j k +$γ ), where E{$r} = E{$γ } = 0,
E{ f ($r)g($γ )} = E{ f ($r)}E{g($γ )}, and E{$r2} = σ 2

r ,
and E{$γ 2} = σ 2

γ . Then, E{x} = r jk cos(γ j k) and
E{y} = r jk sin(γ j k). Applying trigonometric properties, we
obtain

x = (r jk + $r) · (cos(γ j k) cos($γ ) − sin(γ j k) sin($γ ))

(19)

y = (r jk + $r) · (sin(γ j k) cos($γ ) + cos(γ j k) sin($γ )).

(20)

Considering that the value of $γ is small (i.e., small error in
the DOA estimation), it is possible to take the approximations:
sin($γ ) ≃ $γ and cos($γ ) ≃ 1. In order to estimate the
terms of the covariance matrix, we must determine its values
one by one, so that σ 2

x x ( j, k) = E{x2} − E{x}2, σ 2
yy( j, k) =

E{y2} − E{y}2, and σ 2
xy( j, k) = σ 2

yx( j, k) = E{xy} −
E{x}E{y}. After evaluating these terms using (20) and (21),
we can estimate the covariance matrix as

C j k ≃ R j k ·
(

σ 2
r 0
0 σ 2

a
(
r2

j k + σ 2
r
)
)

· RT
jk (21)

where R j k is a rotation matrix, given by

R j k =
(

cos(γ j k) − sin(γ j k)
sin(γ j k) cos(γ j k)

)
. (22)

Taking into account that R−1
j k = RT

jk , the inverse of the
covariance matrix D j k containing the corresponding ρ values
can be easily obtained using

D j k = C−1
j k ≃ RT

jk ·

⎛

⎜⎜⎝

1
σ 2

r
0

0
1

σ 2
γ

(
r2

j k + σ 2
r
)

⎞

⎟⎟⎠ · R j k . (23)

This is an interesting way of estimating D j k as a function of
the values of the local estimates r jk and γ j k and the errors
in these estimations σ 2

r and σ 2
γ . At this point, it is important

to highlight that these errors can either be considered constant
for all the measurements, or they can be modeled or estimated
in function of the measured values.

C. ML-Based Distributed Optimization for Node Localization

The ML estimator of node locations described in
Section IV-B assumes that γ j k ∈ [−π,π]. However, as
it was previously mentioned, for DOA estimations using
two microphones, there are two possible angles ± α j k asso-
ciated with every τ j k value. This uncertainty is a problem for
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for localization. In [15], visual information of the surroundings
is used for localization, but a database of images contain-
ing additional information about positioning is required. The
work in [16] proposes an acoustic-based node localization
system (ASSIST) using high-pitch chirps. It assumes at least
three available known-location receivers and wireless synchro-
nization, obtaining localization errors around 30 cm. This and
other works assume WiFi synchronization with a precision
up to 0.1 ms. Achieving this synchronization in off-the-shelf
smartphones is not an easy task, being necessary either to
control the hardware or to have root access to the OS. The
use of acoustic/visual signals may improve the localization
accuracy, but they decrease the maximum localization range
achievable with RF signals.

In this paper, we propose an algorithm for blind node
localization in a WSN, considering that each node is a state-
of-the-art smartphone containing two microphones. The nodes
are localized and oriented using acoustic signals and inertial
sensors, as proposed in [17]. RF (WiFi) signals are only
used to exchange data between nodes. By contrast to other
related works, the algorithm does not need any known-location
sensor nor any prior synchronization between nodes. The
proposed approach is intended for the localization of acoustic
nodes within a room to create a WASN (i.e., a wireless
microphone array). This has many trending applications in
distributed audio processing: speech enhancement, which is
useful for teleconference systems, hearing aids, automatic
speech recognition and speaker identification [4], [18]; blind
source separation and echo cancelation [19]; speaker localiza-
tion and tracking [20], [21]; voice activity detection [22]; or
ambient intelligent [23]. The method assumes that the nodes
are static during the localization procedure, which takes a few
seconds. This assumption is valid in WASNs. For instance,
the WASN can be composed of smartphones and wireless-
communicated hearing aids. Using external microphones, the
ability of the hearing aids to enhance noisy-speech is notably
increased. Finally, it is important to highlight that the proposed
algorithm is designed considering the software and hardware
limitations found in Android devices.

III. PROBLEM FORMULATION

Let us consider an ad hoc broadcasting WSN with J nodes,
in which each node j is a state-of-the-art smartphone that has
direct access to a set of signals provided by the sensors.

1) Two Microphones: m1 j (t) (back microphone origi-
nally intended noise reduction) and m2 j (t) (front
microphone).

2) 3-D Accelerometer: a j (t) = [ax j (t), ayj (t), azj (t)]
[m/s2].

3) 3-D Magnetometer: b j (t) = [bx j (t), b yj (t), bzj (t)]
[µT].

In addition, each node can reproduce a signal s j (t) through
its loudspeaker. The index (t) represents time. For the sake
of simplicity, and without loss of generality, we only consider
the 2-D case where the devices lie on the xy plane with their
back pointing upward. This can be a typical situation where
all the smartphones are over a table. In order to obtain an

Fig. 1. Node configuration: dm and βm are the distance and the angle
between the two microphones, respectively, and ds and βs are the distance
and the angle between the back microphone and the speaker, respectively. The
angle φ represents the orientation of the node with respect to the z-axis.

estimation of the elevation 3-D, the nodes would need to have
more than two microphones to form a 2-D array, which is not
common in commercial smartphones. The relative positions of
the microphones and the loudspeaker are fixed characteristics
for a given smartphone, and they are assumed to be known in
advance. Fig. 1 represents a typical smartphone configuration,
where dm and βm are the distance and the angle between
the two microphones, respectively, ds and βs are the distance
and the angle between the back microphone and the speaker,
respectively, and φ the orientation of the node with respect to
the xy plane.

The goal of the localization procedure is to obtain the
Euclidean positions of the J nodes in the network as well
as their orientations. Let us define the position matrices M1 =
[m1x , m1y], M2 = [m2x , m2y], and P = [px , py] containing
the 2-D Cartesian coordinates of the back microphone, the
front microphone, and the speaker, respectively, for J nodes
(i.e., m1x = [xm11, . . . , xm1J ]T , m1y = [ym11, . . . , ym1J ]T ,
m2x = [xm21, . . . , xm2J ]T , m2y = [ym21, . . . , ym2J ]T , px =
[x p1, . . . , x p J ]T , py = [yp1, . . . , yp J ]T ). Knowing the posi-
tion of one of the three previous sensors and the orientation
of the nodes φ = [φ1, . . . ,φJ ], it is possible to calculate the
position of the remaining two elements. For instance, if we
assume to know the positions of the back microphones (M1),
and according to Fig. 1, the positions of the front micro-
phones (M2) and the loudspeakers (S) are given by

M2 = M1 +

⎛

⎜⎝
dm1 cos(φ1 + βm1) dm1 sin(φ1 + βm1)

...
...

dm J cos(φJ + βm J ) dm J sin(φJ + βm J )

⎞

⎟⎠ (1)

P = M1 +

⎛

⎜⎝
ds1 cos(φ j + βs1) ds1 sin(φ j + βs1)

...
...

ds J cos(φ j + βs J ) ds J sin(φ j + βs J )

⎞

⎟⎠. (2)

According to this, a node can be completely located by
estimating the position of its loudspeaker and its orientation.
Henceforth, the localization problem is reduced to the estima-
tion of 2J loudspeaker coordinates P = [px , py].

Finally, Table I summarizes the underlying assumptions
taken in the proposed approach.

IV. PROPOSED NODE LOCALIZATION METHOD

The proposed algorithm combines acoustic signals and
inertial sensors to estimate the position of the loudspeakers
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for localization. In [15], visual information of the surroundings
is used for localization, but a database of images contain-
ing additional information about positioning is required. The
work in [16] proposes an acoustic-based node localization
system (ASSIST) using high-pitch chirps. It assumes at least
three available known-location receivers and wireless synchro-
nization, obtaining localization errors around 30 cm. This and
other works assume WiFi synchronization with a precision
up to 0.1 ms. Achieving this synchronization in off-the-shelf
smartphones is not an easy task, being necessary either to
control the hardware or to have root access to the OS. The
use of acoustic/visual signals may improve the localization
accuracy, but they decrease the maximum localization range
achievable with RF signals.

In this paper, we propose an algorithm for blind node
localization in a WSN, considering that each node is a state-
of-the-art smartphone containing two microphones. The nodes
are localized and oriented using acoustic signals and inertial
sensors, as proposed in [17]. RF (WiFi) signals are only
used to exchange data between nodes. By contrast to other
related works, the algorithm does not need any known-location
sensor nor any prior synchronization between nodes. The
proposed approach is intended for the localization of acoustic
nodes within a room to create a WASN (i.e., a wireless
microphone array). This has many trending applications in
distributed audio processing: speech enhancement, which is
useful for teleconference systems, hearing aids, automatic
speech recognition and speaker identification [4], [18]; blind
source separation and echo cancelation [19]; speaker localiza-
tion and tracking [20], [21]; voice activity detection [22]; or
ambient intelligent [23]. The method assumes that the nodes
are static during the localization procedure, which takes a few
seconds. This assumption is valid in WASNs. For instance,
the WASN can be composed of smartphones and wireless-
communicated hearing aids. Using external microphones, the
ability of the hearing aids to enhance noisy-speech is notably
increased. Finally, it is important to highlight that the proposed
algorithm is designed considering the software and hardware
limitations found in Android devices.

III. PROBLEM FORMULATION

Let us consider an ad hoc broadcasting WSN with J nodes,
in which each node j is a state-of-the-art smartphone that has
direct access to a set of signals provided by the sensors.

1) Two Microphones: m1 j (t) (back microphone origi-
nally intended noise reduction) and m2 j (t) (front
microphone).

2) 3-D Accelerometer: a j (t) = [ax j (t), ayj (t), azj (t)]
[m/s2].

3) 3-D Magnetometer: b j (t) = [bx j (t), b yj (t), bzj (t)]
[µT].

In addition, each node can reproduce a signal s j (t) through
its loudspeaker. The index (t) represents time. For the sake
of simplicity, and without loss of generality, we only consider
the 2-D case where the devices lie on the xy plane with their
back pointing upward. This can be a typical situation where
all the smartphones are over a table. In order to obtain an

Fig. 1. Node configuration: dm and βm are the distance and the angle
between the two microphones, respectively, and ds and βs are the distance
and the angle between the back microphone and the speaker, respectively. The
angle φ represents the orientation of the node with respect to the z-axis.

estimation of the elevation 3-D, the nodes would need to have
more than two microphones to form a 2-D array, which is not
common in commercial smartphones. The relative positions of
the microphones and the loudspeaker are fixed characteristics
for a given smartphone, and they are assumed to be known in
advance. Fig. 1 represents a typical smartphone configuration,
where dm and βm are the distance and the angle between
the two microphones, respectively, ds and βs are the distance
and the angle between the back microphone and the speaker,
respectively, and φ the orientation of the node with respect to
the xy plane.

The goal of the localization procedure is to obtain the
Euclidean positions of the J nodes in the network as well
as their orientations. Let us define the position matrices M1 =
[m1x , m1y], M2 = [m2x , m2y], and P = [px , py] containing
the 2-D Cartesian coordinates of the back microphone, the
front microphone, and the speaker, respectively, for J nodes
(i.e., m1x = [xm11, . . . , xm1J ]T , m1y = [ym11, . . . , ym1J ]T ,
m2x = [xm21, . . . , xm2J ]T , m2y = [ym21, . . . , ym2J ]T , px =
[x p1, . . . , x p J ]T , py = [yp1, . . . , yp J ]T ). Knowing the posi-
tion of one of the three previous sensors and the orientation
of the nodes φ = [φ1, . . . ,φJ ], it is possible to calculate the
position of the remaining two elements. For instance, if we
assume to know the positions of the back microphones (M1),
and according to Fig. 1, the positions of the front micro-
phones (M2) and the loudspeakers (S) are given by

M2 = M1 +

⎛

⎜⎝
dm1 cos(φ1 + βm1) dm1 sin(φ1 + βm1)

...
...

dm J cos(φJ + βm J ) dm J sin(φJ + βm J )

⎞

⎟⎠ (1)

P = M1 +

⎛

⎜⎝
ds1 cos(φ j + βs1) ds1 sin(φ j + βs1)

...
...

ds J cos(φ j + βs J ) ds J sin(φ j + βs J )

⎞

⎟⎠. (2)

According to this, a node can be completely located by
estimating the position of its loudspeaker and its orientation.
Henceforth, the localization problem is reduced to the estima-
tion of 2J loudspeaker coordinates P = [px , py].

Finally, Table I summarizes the underlying assumptions
taken in the proposed approach.

IV. PROPOSED NODE LOCALIZATION METHOD

The proposed algorithm combines acoustic signals and
inertial sensors to estimate the position of the loudspeakers
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nodes in the origin of coordinates, so that
∑J

j=1 x j = 0 and∑J
j=1 y j = 0. These two equations can be added to the system

of equations given in (14), allowing to solve the problem by
means of the inversion of a 2J × 2J matrix.

The system of equations in (14) provides an analytical
solution to the node localization problem, but it requires to
estimate the covariance matrices of the measurements, C j k ,
which typically requires O((2J )3) operations. For this pur-
pose, we propose two solutions.

1) A simple choice supposing that all the covariance
matrices are equal and proportional to the identity
matrix [we denominate this naive covariance matrix
estimation (NCME)].

2) A full covariance matrix estimation (FCME), in which
the covariance matrices are estimated taking into account
the errors in the estimation of measurements of both the
DOA and the range.

1) Naive Covariance Matrix Estimation: In a first approach,
we suppose that all the covariance matrices are equal and
proportional to the identity matrix, so that D j k = ρI, with
ρ = 0 when j = k. This is equivalent to assume that
the variables of the pdf are independent and their standard
deviation is constant. In this scenario, σr ( j, k) and σγ ( j, k) are
not used, so every estimation has the same weight. Under these
conditions, Hx x = Hyy = ρ(J − I), J being a J × J matrix of
ones and Hxy = Hyx = 0. Considering this simplification, the
system of linear equations given in (14) can be expressed as

(
J I − J 0

0 J I − J

)
· p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2

J∑
j=1

v1 j − v j1

...
1
2

J∑
j=1

v J j − v j J

1
2

J∑
j=1

w1 j − w j1

...
1
2

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(17)

where I is a J × J identity matrix.
Adding the constraint

∑J
j=1 x j = 0 to the first J equations,

and the constrain
∑J

j=1 y j = 0 to the last J equations,
the system of equations becomes now trivial, obtaining the
solution given in

p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2J

J∑
j=1

v1 j − v j1

...
1

2J

J∑
j=1

v J j − v j J

1
2J

J∑
j=1

w1 j − w j1

...
1

2J

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (18)

The NCME method estimates the position of the nodes very
fast, so it is of special interest when the computational cost
is relevant. Due to this fact, the NMCE method can be of
special interest in solving the uncertainty problem, as it will
be described later.

2) Full Covariance Matrix Estimation: In order to deter-
mine an analytical expression for the covariance matrix C j k ,
the polar to Cartesian conversion can be carried out using an
approximation of the nonlinear function at the measured point.
Let us consider the functions x = (r jk+$r)·cos(γ j k+$γ) and
y = (r jk +$r) · sin(γ j k +$γ ), where E{$r} = E{$γ } = 0,
E{ f ($r)g($γ )} = E{ f ($r)}E{g($γ )}, and E{$r2} = σ 2

r ,
and E{$γ 2} = σ 2

γ . Then, E{x} = r jk cos(γ j k) and
E{y} = r jk sin(γ j k). Applying trigonometric properties, we
obtain

x = (r jk + $r) · (cos(γ j k) cos($γ ) − sin(γ j k) sin($γ ))

(19)

y = (r jk + $r) · (sin(γ j k) cos($γ ) + cos(γ j k) sin($γ )).

(20)

Considering that the value of $γ is small (i.e., small error in
the DOA estimation), it is possible to take the approximations:
sin($γ ) ≃ $γ and cos($γ ) ≃ 1. In order to estimate the
terms of the covariance matrix, we must determine its values
one by one, so that σ 2

x x ( j, k) = E{x2} − E{x}2, σ 2
yy( j, k) =

E{y2} − E{y}2, and σ 2
xy( j, k) = σ 2

yx( j, k) = E{xy} −
E{x}E{y}. After evaluating these terms using (20) and (21),
we can estimate the covariance matrix as

C j k ≃ R j k ·
(

σ 2
r 0
0 σ 2

a
(
r2

j k + σ 2
r
)
)

· RT
jk (21)

where R j k is a rotation matrix, given by

R j k =
(

cos(γ j k) − sin(γ j k)
sin(γ j k) cos(γ j k)

)
. (22)

Taking into account that R−1
j k = RT

jk , the inverse of the
covariance matrix D j k containing the corresponding ρ values
can be easily obtained using

D j k = C−1
j k ≃ RT

jk ·

⎛

⎜⎜⎝

1
σ 2

r
0

0
1

σ 2
γ

(
r2

j k + σ 2
r
)

⎞

⎟⎟⎠ · R j k . (23)

This is an interesting way of estimating D j k as a function of
the values of the local estimates r jk and γ j k and the errors
in these estimations σ 2

r and σ 2
γ . At this point, it is important

to highlight that these errors can either be considered constant
for all the measurements, or they can be modeled or estimated
in function of the measured values.

C. ML-Based Distributed Optimization for Node Localization

The ML estimator of node locations described in
Section IV-B assumes that γ j k ∈ [−π,π]. However, as
it was previously mentioned, for DOA estimations using
two microphones, there are two possible angles ± α j k asso-
ciated with every τ j k value. This uncertainty is a problem for
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nodes in the origin of coordinates, so that
∑J

j=1 x j = 0 and∑J
j=1 y j = 0. These two equations can be added to the system

of equations given in (14), allowing to solve the problem by
means of the inversion of a 2J × 2J matrix.

The system of equations in (14) provides an analytical
solution to the node localization problem, but it requires to
estimate the covariance matrices of the measurements, C j k ,
which typically requires O((2J )3) operations. For this pur-
pose, we propose two solutions.

1) A simple choice supposing that all the covariance
matrices are equal and proportional to the identity
matrix [we denominate this naive covariance matrix
estimation (NCME)].

2) A full covariance matrix estimation (FCME), in which
the covariance matrices are estimated taking into account
the errors in the estimation of measurements of both the
DOA and the range.

1) Naive Covariance Matrix Estimation: In a first approach,
we suppose that all the covariance matrices are equal and
proportional to the identity matrix, so that D j k = ρI, with
ρ = 0 when j = k. This is equivalent to assume that
the variables of the pdf are independent and their standard
deviation is constant. In this scenario, σr ( j, k) and σγ ( j, k) are
not used, so every estimation has the same weight. Under these
conditions, Hx x = Hyy = ρ(J − I), J being a J × J matrix of
ones and Hxy = Hyx = 0. Considering this simplification, the
system of linear equations given in (14) can be expressed as

(
J I − J 0

0 J I − J

)
· p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2

J∑
j=1

v1 j − v j1

...
1
2

J∑
j=1

v J j − v j J

1
2

J∑
j=1

w1 j − w j1

...
1
2

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

(17)

where I is a J × J identity matrix.
Adding the constraint

∑J
j=1 x j = 0 to the first J equations,

and the constrain
∑J

j=1 y j = 0 to the last J equations,
the system of equations becomes now trivial, obtaining the
solution given in

p =

⎛

⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1
2J

J∑
j=1

v1 j − v j1

...
1

2J

J∑
j=1

v J j − v j J

1
2J

J∑
j=1

w1 j − w j1

...
1

2J

J∑
j=1

wJ j − w j J

⎞

⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

. (18)

The NCME method estimates the position of the nodes very
fast, so it is of special interest when the computational cost
is relevant. Due to this fact, the NMCE method can be of
special interest in solving the uncertainty problem, as it will
be described later.

2) Full Covariance Matrix Estimation: In order to deter-
mine an analytical expression for the covariance matrix C j k ,
the polar to Cartesian conversion can be carried out using an
approximation of the nonlinear function at the measured point.
Let us consider the functions x = (r jk+$r)·cos(γ j k+$γ) and
y = (r jk +$r) · sin(γ j k +$γ ), where E{$r} = E{$γ } = 0,
E{ f ($r)g($γ )} = E{ f ($r)}E{g($γ )}, and E{$r2} = σ 2

r ,
and E{$γ 2} = σ 2

γ . Then, E{x} = r jk cos(γ j k) and
E{y} = r jk sin(γ j k). Applying trigonometric properties, we
obtain

x = (r jk + $r) · (cos(γ j k) cos($γ ) − sin(γ j k) sin($γ ))

(19)

y = (r jk + $r) · (sin(γ j k) cos($γ ) + cos(γ j k) sin($γ )).

(20)

Considering that the value of $γ is small (i.e., small error in
the DOA estimation), it is possible to take the approximations:
sin($γ ) ≃ $γ and cos($γ ) ≃ 1. In order to estimate the
terms of the covariance matrix, we must determine its values
one by one, so that σ 2

x x ( j, k) = E{x2} − E{x}2, σ 2
yy( j, k) =

E{y2} − E{y}2, and σ 2
xy( j, k) = σ 2

yx( j, k) = E{xy} −
E{x}E{y}. After evaluating these terms using (20) and (21),
we can estimate the covariance matrix as

C j k ≃ R j k ·
(

σ 2
r 0
0 σ 2
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(
r2

j k + σ 2
r
)
)

· RT
jk (21)

where R j k is a rotation matrix, given by

R j k =
(

cos(γ j k) − sin(γ j k)
sin(γ j k) cos(γ j k)

)
. (22)

Taking into account that R−1
j k = RT

jk , the inverse of the
covariance matrix D j k containing the corresponding ρ values
can be easily obtained using

D j k = C−1
j k ≃ RT

jk ·

⎛

⎜⎜⎝

1
σ 2

r
0

0
1

σ 2
γ

(
r2

j k + σ 2
r
)

⎞

⎟⎟⎠ · R j k . (23)

This is an interesting way of estimating D j k as a function of
the values of the local estimates r jk and γ j k and the errors
in these estimations σ 2

r and σ 2
γ . At this point, it is important

to highlight that these errors can either be considered constant
for all the measurements, or they can be modeled or estimated
in function of the measured values.

C. ML-Based Distributed Optimization for Node Localization

The ML estimator of node locations described in
Section IV-B assumes that γ j k ∈ [−π,π]. However, as
it was previously mentioned, for DOA estimations using
two microphones, there are two possible angles ± α j k asso-
ciated with every τ j k value. This uncertainty is a problem for
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nodes in the origin of coordinates, so that
∑J

j=1 x j = 0 and∑J
j=1 y j = 0. These two equations can be added to the system

of equations given in (14), allowing to solve the problem by
means of the inversion of a 2J × 2J matrix.

The system of equations in (14) provides an analytical
solution to the node localization problem, but it requires to
estimate the covariance matrices of the measurements, C j k ,
which typically requires O((2J )3) operations. For this pur-
pose, we propose two solutions.

1) A simple choice supposing that all the covariance
matrices are equal and proportional to the identity
matrix [we denominate this naive covariance matrix
estimation (NCME)].

2) A full covariance matrix estimation (FCME), in which
the covariance matrices are estimated taking into account
the errors in the estimation of measurements of both the
DOA and the range.

1) Naive Covariance Matrix Estimation: In a first approach,
we suppose that all the covariance matrices are equal and
proportional to the identity matrix, so that D j k = ρI, with
ρ = 0 when j = k. This is equivalent to assume that
the variables of the pdf are independent and their standard
deviation is constant. In this scenario, σr ( j, k) and σγ ( j, k) are
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Considering that the value of $γ is small (i.e., small error in
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one by one, so that σ 2
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This is an interesting way of estimating D j k as a function of
the values of the local estimates r jk and γ j k and the errors
in these estimations σ 2

r and σ 2
γ . At this point, it is important

to highlight that these errors can either be considered constant
for all the measurements, or they can be modeled or estimated
in function of the measured values.

C. ML-Based Distributed Optimization for Node Localization

The ML estimator of node locations described in
Section IV-B assumes that γ j k ∈ [−π,π]. However, as
it was previously mentioned, for DOA estimations using
two microphones, there are two possible angles ± α j k asso-
ciated with every τ j k value. This uncertainty is a problem for
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TABLE II

MEAN AND STANDARD DEVIATION OF THE LOCALIZATION ERROR, AS A FUNCTION OF THE NUMBER OF NODES J , WHEN THE ML-DONL ALGORITHM
USES NCME AND FCME TO RESOLVE LOCALIZATION (SECOND STEP). THE TRIMEAN OF THE BEST 85% ESTIMATIONS AND THE NUMBER OF

OPERATIONS REQUIRED IN ITS CASE ARE ALSO SHOWN. VALUES ARE OBTAINED WITH σφ = 5°

Fig. 4. RMSE obtained in the test set as a function of the number of neurons.

B. Design of the Range Local Estimator (ANN)

In order to train and test the ANN-based range estimator,
the database is split in two independent sets, a training set con-
taining 50% of the scenarios (150) and a testing set containing
the other 50% (150) of the scenarios. The proposed ANN has
been trained using the backpropagation algorithm [29]. The
input features described in Section IV-A2 are extracted from
the database. In order to find a tradeoff between computational
complexity and range accuracy, different ANNs have been
trained varying the number of neurons. In addition, each ANN
has been trained 50 times. The RMSE in the range estimation
obtained in the test set for different neurons is represented
in Fig. 4. From Fig. 4, we can easily deduce that a good
tradeoff between computational complexity and performance
is obtained with five hidden neurons, since a further increase in
the number of neurons does not entail any important reduction
in the range estimation error. With five neurons, the RMSE
value is 0.13 m. The results of the localization algorithm
presented in the next section have been obtained using the
five-neuron ANN that renders the best results over the training
set. Finally, it is worth mentioning that the training procedure
is performed offline during the design step and that during
the localization process, it is not necessary to recalculate the
network weights.

C. Node Localization Results

Table II contains the mean and standard deviation of the
localization error, as a function of the number of nodes J ,
when the second step of the ML-DONL algorithm (localization
step) uses the NCME method and when it uses the FCME
method. Table II also shows the trimean of the best 85%

Fig. 5. Histogram of the localization error in the test set for J = 5 and
σφ = 5°.

estimations and the number of operations required in its case.
Values are obtained considering σφ = 5°. From Table II, we
can observe that the use of the FCME method in the second
step of the ML-DONL algorithm reduces the localization
error 18% on average in comparison with the NCME solution,
with an average increase in the number of operations of 21%.
Concerning the number of nodes J , the proposed algorithm
increases its estimation accuracy when the number of nodes
increases. There is an almost linear relationship between the
localization error and the number of nodes up to J = 6. For
higher number of nodes, the decrement in the error is not
so noticeable. This result is expected, since the optimization
algorithm has more information for higher number of nodes
and it can compensate large local estimation errors that may
happen in a single or several nodes. Regarding the standard
deviation of the error, we can appreciate considerably large
values. A deeper analysis has revealed that large localization
errors are associated with large error or missing TDOA estima-
tions, cases identified in 12% of the total number of records.
This fact is illustrated in Fig. 5, which shows the histogram
of the localization error in the test set for J = 5 and FCME.
It is clear how most of the error values are well concentrated
around the mean value (0.197 m) but there are few of them
that are quite away from that value (outliers). In addition,
Table II shows the mean values for the best 85% of the cases,
which are 35% higher in the case of NCME and 37% in the
case of FCME. The maximum number of operations (FCME
for J = 10) is only 0.05 MIPS. Considering a commercial
off-the-shelf smartphone with a quad-core processor working
at 1.3 GHz, it represents only approximately 0.001% of the
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for localization. In [15], visual information of the surroundings
is used for localization, but a database of images contain-
ing additional information about positioning is required. The
work in [16] proposes an acoustic-based node localization
system (ASSIST) using high-pitch chirps. It assumes at least
three available known-location receivers and wireless synchro-
nization, obtaining localization errors around 30 cm. This and
other works assume WiFi synchronization with a precision
up to 0.1 ms. Achieving this synchronization in off-the-shelf
smartphones is not an easy task, being necessary either to
control the hardware or to have root access to the OS. The
use of acoustic/visual signals may improve the localization
accuracy, but they decrease the maximum localization range
achievable with RF signals.

In this paper, we propose an algorithm for blind node
localization in a WSN, considering that each node is a state-
of-the-art smartphone containing two microphones. The nodes
are localized and oriented using acoustic signals and inertial
sensors, as proposed in [17]. RF (WiFi) signals are only
used to exchange data between nodes. By contrast to other
related works, the algorithm does not need any known-location
sensor nor any prior synchronization between nodes. The
proposed approach is intended for the localization of acoustic
nodes within a room to create a WASN (i.e., a wireless
microphone array). This has many trending applications in
distributed audio processing: speech enhancement, which is
useful for teleconference systems, hearing aids, automatic
speech recognition and speaker identification [4], [18]; blind
source separation and echo cancelation [19]; speaker localiza-
tion and tracking [20], [21]; voice activity detection [22]; or
ambient intelligent [23]. The method assumes that the nodes
are static during the localization procedure, which takes a few
seconds. This assumption is valid in WASNs. For instance,
the WASN can be composed of smartphones and wireless-
communicated hearing aids. Using external microphones, the
ability of the hearing aids to enhance noisy-speech is notably
increased. Finally, it is important to highlight that the proposed
algorithm is designed considering the software and hardware
limitations found in Android devices.

III. PROBLEM FORMULATION

Let us consider an ad hoc broadcasting WSN with J nodes,
in which each node j is a state-of-the-art smartphone that has
direct access to a set of signals provided by the sensors.

1) Two Microphones: m1 j (t) (back microphone origi-
nally intended noise reduction) and m2 j (t) (front
microphone).

2) 3-D Accelerometer: a j (t) = [ax j (t), ayj (t), azj (t)]
[m/s2].

3) 3-D Magnetometer: b j (t) = [bx j (t), b yj (t), bzj (t)]
[µT].

In addition, each node can reproduce a signal s j (t) through
its loudspeaker. The index (t) represents time. For the sake
of simplicity, and without loss of generality, we only consider
the 2-D case where the devices lie on the xy plane with their
back pointing upward. This can be a typical situation where
all the smartphones are over a table. In order to obtain an

Fig. 1. Node configuration: dm and βm are the distance and the angle
between the two microphones, respectively, and ds and βs are the distance
and the angle between the back microphone and the speaker, respectively. The
angle φ represents the orientation of the node with respect to the z-axis.

estimation of the elevation 3-D, the nodes would need to have
more than two microphones to form a 2-D array, which is not
common in commercial smartphones. The relative positions of
the microphones and the loudspeaker are fixed characteristics
for a given smartphone, and they are assumed to be known in
advance. Fig. 1 represents a typical smartphone configuration,
where dm and βm are the distance and the angle between
the two microphones, respectively, ds and βs are the distance
and the angle between the back microphone and the speaker,
respectively, and φ the orientation of the node with respect to
the xy plane.

The goal of the localization procedure is to obtain the
Euclidean positions of the J nodes in the network as well
as their orientations. Let us define the position matrices M1 =
[m1x , m1y], M2 = [m2x , m2y], and P = [px , py] containing
the 2-D Cartesian coordinates of the back microphone, the
front microphone, and the speaker, respectively, for J nodes
(i.e., m1x = [xm11, . . . , xm1J ]T , m1y = [ym11, . . . , ym1J ]T ,
m2x = [xm21, . . . , xm2J ]T , m2y = [ym21, . . . , ym2J ]T , px =
[x p1, . . . , x p J ]T , py = [yp1, . . . , yp J ]T ). Knowing the posi-
tion of one of the three previous sensors and the orientation
of the nodes φ = [φ1, . . . ,φJ ], it is possible to calculate the
position of the remaining two elements. For instance, if we
assume to know the positions of the back microphones (M1),
and according to Fig. 1, the positions of the front micro-
phones (M2) and the loudspeakers (S) are given by

M2 = M1 +

⎛

⎜⎝
dm1 cos(φ1 + βm1) dm1 sin(φ1 + βm1)

...
...

dm J cos(φJ + βm J ) dm J sin(φJ + βm J )

⎞

⎟⎠ (1)

P = M1 +

⎛

⎜⎝
ds1 cos(φ j + βs1) ds1 sin(φ j + βs1)

...
...

ds J cos(φ j + βs J ) ds J sin(φ j + βs J )

⎞

⎟⎠. (2)

According to this, a node can be completely located by
estimating the position of its loudspeaker and its orientation.
Henceforth, the localization problem is reduced to the estima-
tion of 2J loudspeaker coordinates P = [px , py].

Finally, Table I summarizes the underlying assumptions
taken in the proposed approach.

IV. PROPOSED NODE LOCALIZATION METHOD

The proposed algorithm combines acoustic signals and
inertial sensors to estimate the position of the loudspeakers

AYLLÓN et al.: INDOOR BLIND LOCALIZATION OF SMARTPHONES BY MEANS OF SENSOR DATA FUSION 789

Fig. 3. Relationship between the log-likelihood function and the location
error for different angles in a WSN composed of four nodes.

the ML estimator where the obtained positions depend on the
pairwise estimations γ j k [see (3)]. Failing to provide the actual
DOA signs, by not resolving the uncertainty, can cause the
estimated positions to be completely off since every incorrect
sign adds around π radians of error.

A solution to this problem is proposed in this section.
The solution relies on the fact that there is clear relationship
between the log-likelihood function obtained in (12) and
the actual positioning error for different angle combinations.
Fig. 3 demonstrates this relationship for every possible com-
bination of angles for a network composed of four nodes. The
total number of angle combinations for J nodes is 2J (J−1),
so a brute force approach quickly becomes unfeasible.
Nonetheless, the optimum solution can be approximated
using a heuristic approach, iteratively searching for the opti-
mum solution. The proposed distributed optimization algo-
rithm (ML-DONL) is based on the ML estimator obtained
in (14), allowing the location of the nodes in a WSN while
simultaneously solving the uncertainty problem.

1) ML-DONL Uncertainty Resolution: The first step of the
ML-DONL algorithm solves the DOA uncertainty, and it is
described as follows. Let us define an uncertainty matrix U,
whose elements u jk are an indicator of the sign of α j k . The
objective is to find the solution matrix US that maximizes the
log-likelihood of the node locations. The ML-DONL algorithm
evaluates the ML estimator, particularized for the NCME
method (denominated L N ), with the aim of finding the uncer-
tainty parameters that maximize the maximum log-likelihood.
In the particular case of covariance matrices proportional to
the identity matrix, which is the particular case of the NCME,
we can simplify (12) obtaining

L N (U) = b− 1
2

J∑

j=1

J∑

k=1

(x j − xk − v j k)
2 + (y j − yk − w j k)

2.

(24)

Note that both v j k and w j k depend on the value of u jk
(the sign of the uncertainty). Taking into account that
v2

j k + w2
j k = r2

j k and
∑J

j=1 x j = ∑J
j=1 y j = 0, and iden-

tifying the terms in (18), we can particularize (24), obtaining
max{L N (U)}, the maximum L N value obtained for the NCME
method for a given set of u jk values (angle uncertainty values).

After some simplifications, this value can be expressed using

max{L N (U)} = b − 1
2

⎛

⎝
J∑

j=1

J∑

k=1

r2
j k

⎞

⎠ + J

⎛

⎝
J∑

j=1

x2
j + y2

j

⎞

⎠.

(25)

Thus, we can determine the uncertainty parameters u jk as
the solution of the optimization problem defined by

US = arg max
U

{max{L N (U)}}. (26)

Since the terms r jk are independent of the uncertainty terms,
they can be removed from the maximization, obtaining

arg max
U

{max{L N (U)}} = arg max
U

⎧
⎨

⎩

J∑

j=1

x2
j + y2

j

⎫
⎬

⎭. (27)

In order to minimize the number of operations needed to
heuristically solve the optimization problem, we will consider
how the change of the uncertainty pair of values umn and unm ,
m ̸= n, will affect to the L N value. Considering (18), a change
in these terms will cause a change in the estimations between
nodes nth and mth, so that the new values of the position will
be given by

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

x ′
m = xm + 1

2J

(
v ′

mn + v ′
nm − vmn + vnm

)

x ′
n = xn − 1

2J

(
v ′

mn + v ′
nm − vmn + vnm

)

y ′
m = ym + 1

2J

(
w′

mn + w′
nm − wmn + wnm

)

y ′
n = yn − 1

2J

(
w′

mn + w′
nm − wmn + wnm

)

(28)

where v ′
mn , v ′

nm , w′
mn , and w′

nm are the new values once the
new values of umn and unm are applied. So, as we can see, a
change in the umn and unm will only affect the mth and nth
terms of the sum used in (25), and (28) allows us to determine
the variation of L N with a very low number of instructions.

Taking this fact into account, in this paper, we propose
a tailored optimization algorithm that can be described as
follows.

1) First, we evaluate the terms v ′
j k and w′

j k , obtained using
u jk = 1 so that γ j k = φk + βm + α j k , and v ′′

j k and w′′
j k ,

obtained using u jk = −1 so that γ j k = φk + βm − α j k
(the two possible ambiguous incidence angles).

2) We randomly initiate the starting point of the optimiza-
tion, so that for each j and k, u jk is randomly assigned
to either 1 or −1. Thus, the terms (v j k, w j k) are equal to
either (v ′

j k, w
′
j k) or (v ′′

j k, w
′′
j k). The values of x j and y j

are then evaluated for all j from 1 to J .
3) A pair of nodes m and n is randomly selected. For

this pair of nodes, all the combinations of changes in
the values of umn and unm are evaluated, obtaining the
corresponding values of x ′

m , y ′
m , x ′

n , and y ′
n . This sup-

poses the evaluation of three possible options: 1) umn is
switched but unm remains unaltered; 2) unm is switched
but umn remains unaltered; and 3) both umn and unm
are switched. The option that renders the larger value
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described as follows. Let us define an uncertainty matrix U,
whose elements u jk are an indicator of the sign of α j k . The
objective is to find the solution matrix US that maximizes the
log-likelihood of the node locations. The ML-DONL algorithm
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the identity matrix, which is the particular case of the NCME,
we can simplify (12) obtaining
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tifying the terms in (18), we can particularize (24), obtaining
max{L N (U)}, the maximum L N value obtained for the NCME
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After some simplifications, this value can be expressed using
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⎝
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Thus, we can determine the uncertainty parameters u jk as
the solution of the optimization problem defined by

US = arg max
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{max{L N (U)}}. (26)

Since the terms r jk are independent of the uncertainty terms,
they can be removed from the maximization, obtaining
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In order to minimize the number of operations needed to
heuristically solve the optimization problem, we will consider
how the change of the uncertainty pair of values umn and unm ,
m ̸= n, will affect to the L N value. Considering (18), a change
in these terms will cause a change in the estimations between
nodes nth and mth, so that the new values of the position will
be given by
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where v ′
mn , v ′

nm , w′
mn , and w′

nm are the new values once the
new values of umn and unm are applied. So, as we can see, a
change in the umn and unm will only affect the mth and nth
terms of the sum used in (25), and (28) allows us to determine
the variation of L N with a very low number of instructions.

Taking this fact into account, in this paper, we propose
a tailored optimization algorithm that can be described as
follows.

1) First, we evaluate the terms v ′
j k and w′

j k , obtained using
u jk = 1 so that γ j k = φk + βm + α j k , and v ′′

j k and w′′
j k ,

obtained using u jk = −1 so that γ j k = φk + βm − α j k
(the two possible ambiguous incidence angles).

2) We randomly initiate the starting point of the optimiza-
tion, so that for each j and k, u jk is randomly assigned
to either 1 or −1. Thus, the terms (v j k, w j k) are equal to
either (v ′

j k, w
′
j k) or (v ′′

j k, w
′′
j k). The values of x j and y j

are then evaluated for all j from 1 to J .
3) A pair of nodes m and n is randomly selected. For

this pair of nodes, all the combinations of changes in
the values of umn and unm are evaluated, obtaining the
corresponding values of x ′
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m , x ′

n , and y ′
n . This sup-

poses the evaluation of three possible options: 1) umn is
switched but unm remains unaltered; 2) unm is switched
but umn remains unaltered; and 3) both umn and unm
are switched. The option that renders the larger value
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TABLE III

COMPARISON OF NODE LOCALIZATION ALGORITHMS FOR SMARTPHONES

Fig. 6. Mean localization error, as a function of the number of nodes J , for
different values of the standard deviation of the orientation error σφ (FCME).

Fig. 7. Result of the proposed node localization algorithm in the case of
eight nodes. Red crosses represents the estimation of the loudspeakers of the
phones. The mean absolute error is 10.6 cm in this case.

available number of instructions, so the implementation of the
proposed algorithm is totally feasible.

Fig. 6 represents the mean localization error, as a function
of the number of nodes J , for different values of the standard
deviation of the orientation error σφ (FCME). The solid black
line corresponds to the values contained in Table II. Reducing
the orientation error from 5° to 0° only reduces the localization
error in 0.026 m on average. On the other hand, if the
orientation error is increased to 10°, the localization error
increases in 0.040 m on average and, in the case of 15°, it
increases in 0.091 m on average. From these results, we deduce
that a magnetometer calibration that produces 5° of orientation
error is enough for our application.

For illustrative purposes, Fig. 7 shows an example of the
obtained localization estimation in the case of eight nodes.
Red crosses represent the estimation of the position of
loudspeakers of the smartphones. The mean absolute error
is 10.6 cm in this case.

Fig. 8. Screenshot of the software application in a scenario containing
four nodes.

Finally, Table III contains a comparison of different node
localization algorithms for smartphones. Our proposed algo-
rithm is compared with three previous localization algorithms:
1) RADAR [8], an RF-based system for locating and tracking
users inside buildings. It uses signal strength information
gathered at multiple receiver locations to triangulate the user’s
coordinates; 2) WALRUS [13], a system that localizes mobile
devices using ultrasound beacons (21 kHz) and WiFi signals
for synchronization; and 3) ASSIST [16], an acoustic-based
smartphone localization system that uses highpitch chirps. It
assumes at least three available known-location receivers and
wireless synchronization. In contrast to the other methods, in
the proposed ML-DONL method there is no prior requirement
of reference nodes or synchronization, and it obtains better
accuracy than any of the other three compared methods.

D. Software Application

A software application has been developed with Android
software development kit to implement the proposed node
localization algorithm. In order to start the localization pro-
cedure, all the nodes need to have the application installed
and run it. The selected master node should be configured as
router and the other nodes will connect to the master node.
After pressing the start button, the localization procedure is
executed. Once the localization has finished, the application
keeps a constant monitoring over node orientation/position and
when a change is detected, the localization procedure is again
executed. Fig. 8 shows a screenshot of the application in a
scenario containing four nodes. The black point represents the
established origin of coordinates and the color points represent
the estimated position of the nodes. The text on the right shows
the estimated xy coordinates with respect to the established
origin of coordinates.
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4 Wireless Communications and Mobile Computing

multivariate normal distribution. In Ayllon et al.’s work [24],
the next expression for the PDF is proposed!!" (P) = 12 " #####C!"#####1/2 $(−(1/2)(p!−p"−d!")C−1!" (p!−p"−d!")$), (6)

where C!" is the covariance matrix of the PDF related to the
measurement vector of the %th node to the &th node and p"
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 ' of
a given geometry is calculated using the following equation:

' = $∑!=1 $∑"=1" ̸=! log (!!" (p)) . (7)

Plugging (6) into (7) and simplifying, the next expression is
obtained:' = + − 12 $∑!=1 $∑"=1 (p! − p" − d!")D!" (p! − p" − d!")& , (8)

where + = − log(2 "|C!"|1/2) andD!" = C−1!" .
Assuming that all the covariance matrices are equal and

proportional to the identitymatrix, so thatD!" = -I, with - =0 when % = &, we can obtain the solution using the following
expression:

p" = ( 12 / $∑!=1V"! − V!", 12 / $∑!=10"! − 0!") . (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 - has no effect
on the localization result (- = 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 2 = $∑!=1 '∑"=1 (3!" − #####p! − p"#####)2 , (10)

where 3!" is the measured distance (range) between nodes% and & (obtained either directly, i.e., ToF, or indirectly, i.e.,
TDoA triangulation) and |p! − p"| 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 4!" from 5!", first,
we must know the orientation of the %th node and solve
the DoA uncertainty as shown in (1). Any error in the

kj
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jk

kj

k +

+

−

−

Node k

Node j

Figure 3: Angular relations between node pairs.

orientation estimation is directly added to 4!", 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 (6(! = 0) and we know
the value of the true angle between node pairs 7!" (i.e., the
actual value without any error). In this scenario, we know
that 7!" − 7"! = ±" rad, for & ̸= %. Now, if we introduce the
approximation from (1), substitute7!" with 4!", and substitute
the first assumption with 6(! ≪ 3!" (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 4!" − 4"! ≃ ±",
from where the following generalization is obtained:

;!"5!" + <! − ;"!5"! − <" ≃ {{{±", if % ̸= &0, if % = &. (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 @!" = ;!"5!" and taking expression (11) into the
complex plane, after exponentiation and some operations, it
becomes

$)(*"−*!) ≃ {{{$)(+!"−+"!−,), if % ̸= &1, if & = %. (12)

Now, to estimate the orientations, we can force a relative
orientation reference, where <̂1 = 0, arriving to the following
expression:

$−)*! ≃ {{{$)(+!1−+1!−,), if % ̸= 11, if % = 1. (13)
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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 2 = $∑!=1 '∑"=1 (3!" − #####p! − p"#####)2 , (10)

where 3!" is the measured distance (range) between nodes% and & (obtained either directly, i.e., ToF, or indirectly, i.e.,
TDoA triangulation) and |p! − p"| 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 4!" from 5!", first,
we must know the orientation of the %th node and solve
the DoA uncertainty as shown in (1). Any error in the
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orientation estimation is directly added to 4!", 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 (6(! = 0) and we know
the value of the true angle between node pairs 7!" (i.e., the
actual value without any error). In this scenario, we know
that 7!" − 7"! = ±" rad, for & ̸= %. Now, if we introduce the
approximation from (1), substitute7!" with 4!", and substitute
the first assumption with 6(! ≪ 3!" (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 4!" − 4"! ≃ ±",
from where the following generalization is obtained:

;!"5!" + <! − ;"!5"! − <" ≃ {{{±", if % ̸= &0, if % = &. (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 @!" = ;!"5!" and taking expression (11) into the
complex plane, after exponentiation and some operations, it
becomes

$)(*"−*!) ≃ {{{$)(+!"−+"!−,), if % ̸= &1, if & = %. (12)

Now, to estimate the orientations, we can force a relative
orientation reference, where <̂1 = 0, arriving to the following
expression:

$−)*! ≃ {{{$)(+!1−+1!−,), if % ̸= 11, if % = 1. (13)
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multivariate normal distribution. In Ayllon et al.’s work [24],
the next expression for the PDF is proposed!!" (P) = 12 " #####C!"#####1/2 $(−(1/2)(p!−p"−d!")C−1!" (p!−p"−d!")$), (6)

where C!" is the covariance matrix of the PDF related to the
measurement vector of the %th node to the &th node and p"
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 ' of
a given geometry is calculated using the following equation:

' = $∑!=1 $∑"=1" ̸=! log (!!" (p)) . (7)

Plugging (6) into (7) and simplifying, the next expression is
obtained:' = + − 12 $∑!=1 $∑"=1 (p! − p" − d!")D!" (p! − p" − d!")& , (8)

where + = − log(2 "|C!"|1/2) andD!" = C−1!" .
Assuming that all the covariance matrices are equal and

proportional to the identitymatrix, so thatD!" = -I, with - =0 when % = &, we can obtain the solution using the following
expression:

p" = ( 12 / $∑!=1V"! − V!", 12 / $∑!=10"! − 0!") . (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 - has no effect
on the localization result (- = 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 2 = $∑!=1 '∑"=1 (3!" − #####p! − p"#####)2 , (10)

where 3!" is the measured distance (range) between nodes% and & (obtained either directly, i.e., ToF, or indirectly, i.e.,
TDoA triangulation) and |p! − p"| 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 4!" from 5!", first,
we must know the orientation of the %th node and solve
the DoA uncertainty as shown in (1). Any error in the
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orientation estimation is directly added to 4!", 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 (6(! = 0) and we know
the value of the true angle between node pairs 7!" (i.e., the
actual value without any error). In this scenario, we know
that 7!" − 7"! = ±" rad, for & ̸= %. Now, if we introduce the
approximation from (1), substitute7!" with 4!", and substitute
the first assumption with 6(! ≪ 3!" (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 4!" − 4"! ≃ ±",
from where the following generalization is obtained:
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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 @!" = ;!"5!" and taking expression (11) into the
complex plane, after exponentiation and some operations, it
becomes

$)(*"−*!) ≃ {{{$)(+!"−+"!−,), if % ̸= &1, if & = %. (12)

Now, to estimate the orientations, we can force a relative
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orientation estimation is directly added to 4!", 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
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the value of the true angle between node pairs 7!" (i.e., the
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orientation estimation is directly added to 4!", 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 (6(! = 0) and we know
the value of the true angle between node pairs 7!" (i.e., the
actual value without any error). In this scenario, we know
that 7!" − 7"! = ±" rad, for & ̸= %. Now, if we introduce the
approximation from (1), substitute7!" with 4!", and substitute
the first assumption with 6(! ≪ 3!" (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 4!" − 4"! ≃ ±",
from where the following generalization is obtained:

;!"5!" + <! − ;"!5"! − <" ≃ {{{±", if % ̸= &0, if % = &. (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 @!" = ;!"5!" and taking expression (11) into the
complex plane, after exponentiation and some operations, it
becomes

$)(*"−*!) ≃ {{{$)(+!"−+"!−,), if % ̸= &1, if & = %. (12)

Now, to estimate the orientations, we can force a relative
orientation reference, where <̂1 = 0, arriving to the following
expression:
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Plugging expression (13) into (12), we obtain the final expres-
sions for the orientation estimation:

!!"! ≃ {{{{{{{{{{{{{{{
!!(#"!−#!"−#"1+ #1"), if ' ̸= ), ' ̸= 1!!(#1!+ #!1−%), if ' = 1, ) ̸= 1!!(#1!+ #!1−%), if ' = ), ) ̸= 11, if ) = 1. (14)

In order to obtain each value of +̂&, we have , estimates,
the quality of which is directly related to the error in -'&
and .'&, and since .'& 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 +̂& is obtained by taking the 70% trimmed mean of
the , available estimates, thus making the results more robust
against outliers created by erroneous .'& 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 .'& are known; hence, +̂ = [0, +̂2, . . . , +̂(], 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 , × ,.̂'& values). Because the uncertainty
correction is a binary variable, there are 2 (2 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 ' = )) and does not
need to be estimated, which reduces the maximum number
of combinations to 2 (((−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 with, = 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 1) = 10 ∗, individuals and 1* = , 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 1+ = 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 , = 4 .
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Figure 5: Example of elimination tournament with1+ = 3 rounds,1* = 8 generations per round, and1) = 100 individuals per stage
of the tournament.

we used 1+ = 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 1) = 10 ∗ , individuals. Each individual (Û))
contains ,(, − 1) genes corresponding to .̂'&. 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 Û), 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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multivariate normal distribution. In Ayllon et al.’s work [24],
the next expression for the PDF is proposed!!" (P) = 12 " #####C!"#####1/2 $(−(1/2)(p!−p"−d!")C−1!" (p!−p"−d!")$), (6)

where C!" is the covariance matrix of the PDF related to the
measurement vector of the %th node to the &th node and p"
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 ' of
a given geometry is calculated using the following equation:

' = $∑!=1 $∑"=1" ̸=! log (!!" (p)) . (7)

Plugging (6) into (7) and simplifying, the next expression is
obtained:' = + − 12 $∑!=1 $∑"=1 (p! − p" − d!")D!" (p! − p" − d!")& , (8)

where + = − log(2 "|C!"|1/2) andD!" = C−1!" .
Assuming that all the covariance matrices are equal and

proportional to the identitymatrix, so thatD!" = -I, with - =0 when % = &, we can obtain the solution using the following
expression:

p" = ( 12 / $∑!=1V"! − V!", 12 / $∑!=10"! − 0!") . (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 - has no effect
on the localization result (- = 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 2 = $∑!=1 '∑"=1 (3!" − #####p! − p"#####)2 , (10)

where 3!" is the measured distance (range) between nodes% and & (obtained either directly, i.e., ToF, or indirectly, i.e.,
TDoA triangulation) and |p! − p"| 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 4!" from 5!", first,
we must know the orientation of the %th node and solve
the DoA uncertainty as shown in (1). Any error in the
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orientation estimation is directly added to 4!", 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 (6(! = 0) and we know
the value of the true angle between node pairs 7!" (i.e., the
actual value without any error). In this scenario, we know
that 7!" − 7"! = ±" rad, for & ̸= %. Now, if we introduce the
approximation from (1), substitute7!" with 4!", and substitute
the first assumption with 6(! ≪ 3!" (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 4!" − 4"! ≃ ±",
from where the following generalization is obtained:

;!"5!" + <! − ;"!5"! − <" ≃ {{{±", if % ̸= &0, if % = &. (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 @!" = ;!"5!" and taking expression (11) into the
complex plane, after exponentiation and some operations, it
becomes

$)(*"−*!) ≃ {{{$)(+!"−+"!−,), if % ̸= &1, if & = %. (12)

Now, to estimate the orientations, we can force a relative
orientation reference, where <̂1 = 0, arriving to the following
expression:
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Plugging expression (13) into (12), we obtain the final expres-
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In order to obtain each value of +̂&, we have , estimates,
the quality of which is directly related to the error in -'&
and .'&, and since .'& 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 +̂& is obtained by taking the 70% trimmed mean of
the , available estimates, thus making the results more robust
against outliers created by erroneous .'& 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 .'& are known; hence, +̂ = [0, +̂2, . . . , +̂(], 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 , × ,.̂'& values). Because the uncertainty
correction is a binary variable, there are 2 (2 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 ' = )) and does not
need to be estimated, which reduces the maximum number
of combinations to 2 (((−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 with, = 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 1) = 10 ∗, individuals and 1* = , 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 1+ = 3 rounds. In our case,
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Figure 5: Example of elimination tournament with1+ = 3 rounds,1* = 8 generations per round, and1) = 100 individuals per stage
of the tournament.

we used 1+ = 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 1) = 10 ∗ , individuals. Each individual (Û))
contains ,(, − 1) genes corresponding to .̂'&. 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 Û), 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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Plugging expression (13) into (12), we obtain the final expres-
sions for the orientation estimation:

!!"! ≃ {{{{{{{{{{{{{{{
!!(#"!−#!"−#"1+ #1"), if ' ̸= ), ' ̸= 1!!(#1!+ #!1−%), if ' = 1, ) ̸= 1!!(#1!+ #!1−%), if ' = ), ) ̸= 11, if ) = 1. (14)

In order to obtain each value of +̂&, we have , estimates,
the quality of which is directly related to the error in -'&
and .'&, and since .'& is an unknown and also has to be
estimated, it is the most unreliable. During the optimization
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estimate +̂& is obtained by taking the 70% trimmed mean of
the , available estimates, thus making the results more robust
against outliers created by erroneous .'& 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 .'& are known; hence, +̂ = [0, +̂2, . . . , +̂(], and
the estimation of the node locations p depends on a given
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correction is a binary variable, there are 2 (2 possible values
for Û, which makes it unfeasible to test every single value.
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of combinations to 2 (((−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
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compete in the next round. The process is repeated until a
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we used 1+ = 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 1) = 10 ∗ , individuals. Each individual (Û))
contains ,(, − 1) genes corresponding to .̂'&. 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 Û), 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
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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∘.
!" " 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 !" = 0.1,
where Crocco et al.’s method [22] is better for large network
sizes (" ≥ 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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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
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360∘ DoAs using only 2 microphones, which is physically
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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
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all of them working without previous knowledge about the
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sizes (" ≥ 8) due to convergence problems on the DoA
uncertainty estimation.This effect can be noticed by looking
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range estimate error derived from the synchronization lag.
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clearly shows that when comparing the results obtained with

Wireless Communications and Mobile Computing 9

Table 3: Orientation estimation error (degrees) for different algorithms and network sizes. DoA estimates with uncertainty have a range of
180∘ instead of 360∘.
!" " 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 !" = 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 2microphones.

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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180∘ instead of 360∘.
!" " 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∘

4 6 8 10
Number of nodes

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Lo
ca

liz
at

io
n 

er
ro

r (
m

et
er

s)

Crocco et al. [22]
Jacob et al. [19] Proposed
ML-DONL ( = 0)

ML-DONL ( = 15)

Figure 7: Box plot of the localization results for the tested algo-
rithms with different number of nodes and !" = 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 2microphones.
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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
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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 !!" involving a change in !"! 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 "# = #, the
algorithm returns to 2, and the iteration counter is
increased; otherwise, it continues to the last step.

(7) Best Û$ 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 Big%notation, the parallelized tournament has a complex-
ity %(#). The tournament is composed of 127 GAs divided
among # nodes. In the worst scenario, a node has to take
care of "ga = ⌈127/#⌉ GAs. Each GA performs # iterations
with a population size of 10 ∗ #, so, in total, each node
needs to compute"% = ⌈127/#⌉ × #2 operations. In average,
the computational load of the optimization algorithm (for
one node) is around 1300# 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
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Figure 6: Localization results (transposed and rotated) for one
example in the database with # = 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 *' = 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 *', 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, +( = 0.1m, +( = 0.2m, and +( = 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
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