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Local Positioning Systems (LPS) are supposing an attractive research topic over the last few years. LPS are
ad-hoc deployments of wireless sensor networks for particularly adapt to the environment characteris-
tics in harsh environments. Among LPS, those based on temporal measurements stand out for their
trade-off among accuracy, robustness and costs. But, regardless the LPS architecture considered, an opti-
mization of the sensor distribution is required for achieving competitive results. Recent studies have
shown that under optimized node distributions, time-based LPS cumulate the bigger error bounds due
to synchronization errors. Consequently, asynchronous architectures such as Asynchronous Time
Difference of Arrival (A-TDOA) have been recently proposed. However, the A-TDOA architecture supposes
the concentration of the time measurement in a single clock of a coordinator sensor making this archi-
tecture less versatile. In this paper, we present an optimization methodology for overcoming the draw-
backs of the A-TDOA architecture in nominal and failure conditions with regards to the synchronous
TDOA. Results show that this optimization strategy allows the reduction of the uncertainties in the target
location by 79% and 89.5% and the enhancement of the convergence properties by 86% and 33% of the A-
TDOA architecture with regards to the TDOA synchronous architecture in two different application sce-
narios. In addition, maximum convergence points are more easily found in the A-TDOA in both configu-
rations concluding the benefits of this architecture in LPS high-demanded applications.
� 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The recent development of increasingly complex technological
activities has supposed growing accuracy localization needs for
the proper performance of tasks such as autonomous vehicles,
surveillance, Unmanned Aerial Vehicles (UAV) low-level flights or
robot indoor navigation. The high accuracy required for these sorts
of applications has entailed the interest in Local Positioning Sys-
tems (LPS) where the positioning signal travels reduced paths
among the target and the architecture sensors. This fact enables
the reduction of the LPS noise and clock uncertainties with regards
to Global Navigation Satellite Systems (GNSS) due to the ad-hoc
deployment of sensors of LPS which particularly fit the environ-
mental characteristics where these systems are deployed.

Therefore, LPS cover a defined and known space with architec-
ture sensors maximizing beneficial properties for the wireless sen-
sor networks such as coverage, uncertainties reduction, failure
enhancements, obstacle adaptability or energy constraints [1].
LPS are classified through the physical property measured for
determining the target location: time [2], power [3], frequency
[4], angle [5], phase [6] or combinations of them [7].

Among LPS, time-based localization is the most extended due to
their reliability, stability, robustness, easy-to-implement hardware
architectures and cost-effective deployments [8]. Time-based posi-
tioning systems rely on the measurement of the total or relative
travel time of the positioning signals from the target to the recei-
vers generating two different system conceptions: total time-of-
flight- Time of Arrival (TOA) [9]- and relative time-of-flight -Time
Difference of Arrival (TDOA) [10] systems-.

TOA systems are based on the measurement of the complete
time from the emission of the positioning signal until its reception
in the architecture sensors. This methodology allows the definition
of a sphere of possible target locations for each of the measure-
ments computed. It requires the synchronization of the clocks of
all the system sensors to compute both the timestamp of the emis-
sion and the instant of reception of the positioning signal [11]. The
signal processing to calculate the target location needs at least four
different receivers to unequivocally define the target in 3D applica-
tions through the intersection of the spheres generated.

TDOA systems compute the relative time lapse between the
reception of the positioning signal in two different receivers.
Hence, the synchronization of the TDOA architectures is optional.
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Two main configurations are distinguished in TDOA localization:
synchronous TDOA (i.e. the architecture sensors are all synchro-
nized) and Asynchronous TDOA (A-TDOA). A-TDOA architecture
achieves the independence from the synchronization of the sensor
clocks through the centralization of the time measurements in a
single clock of a coordinator sensor (CS) [12] through a receive
and retransmit strategy.

Time synchronization has been demonstrated to act as a rele-
vant factor in the uncertainties of LPS applications [13] thus show-
ing the A-TDOA architecture a better adaptation to these contexts.
However, the consideration of a CS where the time measurements
are collected, makes the A-TDOA be dependent on the CS and pos-
sible failures in these sensors requires a pre-defined strategy to
guarantee the system availability in those fatal cases [8]. In addi-
tion, the necessity of assuming that at least one CS of the architec-
ture must be linked with all the coverage region of the LPS reduces
the versatility of the A-TDOA deployment of the CS which is not a
restriction for the TDOA synchronous architecture. This is espe-
cially relevant in harsh application environments. Therefore, no a
priori suitable architecture can be defined for a particular LPS
application and the two TDOA configurations must be considered
to adequately define the more promising architecture examining
the environment of application characteristics and the potential
disadvantages of each architecture.

Another important issue for the comparison among the TDOA
architectures is the position calculation algorithms which also
have relation with the architecture deployments. TDOA measure-
ments lead to hyperboloid surfaces of possible location of targets.
Each measurement involves two different architecture sensors
which allows the obtention of a hyperboloid equation. Neverthe-
less, among the set of measurements, only (n-1) independent
equations are achieved from n different sensors [14]. The required
number of sensors to unequivocally determine the target position
is 5 sensors for three-dimensional applications. However, the
intersection of three different hyperboloids (4 sensors) in TDOA
systems allows the obtention of two different potential solutions.
Nevertheless, these solutions are not able to be discarded from a
mathematical point of view.

In one of our recent studies [15], we have demonstrated that a
reliable unique solution to the intersection of three hyperboloids
or spheres can be selected through the maximization in the entire
coverage region of the distance between the two potential solu-
tions by means of Genetic Algorithms (GA). We achieve this result
by applying Taylor-Based algorithms [16] from an initial iteration
point which must be close enough to the final solution.

However, the attainment of the minimum number of sensor
nodes in coverage for calculating the target location is not enough
condition to guarantee the algorithm convergence. The iterative
method requires an initial position for the iterations which must
be close enough to the target location in order to find the target
position. This is due to the elimination of the residuals of the
Taylor-Based algorithm which allows to linearize the localization
problem only if there is not much distance from the initial iteration
point to the target location [17].

Nonetheless there is not a pre-defined distance from which the
initial iteration point can always make the algorithm converge.
This is due to the properties of the intersection of the hyperboloids
involved in the position calculation. Consequently, we defined in
[15] a convergence radius from which any inside point can guaran-
tee the convergence to the centre of the sphere (i.e. the target loca-
tion). The maximization of the convergence radius in the entire
coverage region favours the safety application of the Taylor-
Based algorithm thus securing the availability of the LPS [18].
But, not an initial point so close to the final target location can
be always found (e.g. the fist iteration point of the time series or
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in some regions in which attaining high convergence radius is
roughly difficult).

Therefore, a methodology to secure the position determination
in those cases must be proposed in order to make the system avail-
able in these adverse conditions. In this paper, we introduce for the
first time in the authors’ best knowledge the maximum conver-
gence points to solve this problem in TDOA Taylor-Based position-
ing calculations. Maximum convergence points are defined as
spatial points from which the convergence to any possible target
location in coverage can be guaranteed. These points must be pre-
defined through a priori knowledge and its application in practical
cases is done through the employment of the maximum conver-
gence point which is closer to the architecture sensors which have
received the positioning signal thus achieving a faster convergence
of the positioning algorithm which is critical in real-time
navigation.

Node deployment has shown direct impact both for the
achievement of the position disambiguation and for the definition
of maximum convergence points. Therefore, a methodology to find
an optimized sensor distribution in both TDOA architectures is
proposed in this paper in order to compare the availability proper-
ties of each architecture.

The sensor deployment is also related to the localization error of
the LPS architecture. Cramèr-Rao Lower Bound (CRLB) [19,20]
derivations allow the characterization of the system uncertainties,
thus estimating the minimum achievable error in positioning sys-
tems [21]. This has allowed us to study the node deployment opti-
mization, known as the Node Location Problem (NLP) [22], in TDOA
architectures by means of GA [23,24]. The reason of the use of
metaheuristic methodologies relies on the NP-Hard problem solu-
tion of the 3D sensor deployment in LPS [25] and consequently
many different approaches have been proposed in the literature
[26,27].

This problem has also shown the impossibility of making a joint
derivation of the CRLB for the entire coverage region of the LPS
deployed [28]. This reason has also motivated the employment of
heuristic methodologies for finding optimal sensor distributions.
The CRLB model for the consideration of the quality of a node dis-
tribution is considering in this paper both a characterization of the
noise of the communications channel and the uncertainties of the
temporal measurements in the system clocks as we introduced in
[29].

In this paper, we propose a GA optimization for the 3D node
deployment of the TDOA positioning architectures (i.e. syn-
chronous TDOA and A-TDOA) with five architecture sensors (i.e.
the minimum required number of sensors to unequivocally deter-
mine the target location) in order to analyse and compare the reli-
able deployment of these architecture in LPS applications. The
reliability of the architectures is guaranteed through the optimiza-
tion of the sensor distribution to enhance the architecture proper-
ties in failure conditions of some of the sensor nodes. This supposes
the maximization of the radius of convergence in the entire target
coverage region of the system both in nominal and failure condi-
tions, the definition of maximum convergence points to attain
the convergence of the Taylor-Based algorithm in harsh locations
and for the initial iteration point in the connection of the target
to the localization architecture and the reduction of the system
uncertainties in nominal and failure conditions through the CRLB.

The remainder of the paper is organized as follows: a revision of
the state-of-art of the Node Location Problem in LPS is presented in
Section 2, the definition of the optimization problem is analysed in
Section 3, the algorithm for the target unequivocal location deter-
mination in TDOA systems and the proposition of the maximum
convergence points are introduced in Section 4, the CRLB model
for the quantification of the noise and clock uncertainties of the
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synchronous and asynchronous TDOA architectures is shown in
Section 5, the GA optimization and the fitness functions of each
architecture are detailed in Section 6 and Sections 7 and 8 show
the results and conclusions of the present paper.
2. Node location problem

The Node Location Problem (NLP) is defined as the finding of the
optimal Cartesian coordinates of the architecture sensors of the
wireless local networks [30]. It entails the coverage problem in
communications networks [31] and it adds the reduction of the
system uncertainties in localization networks [32]. Both have been
categorized as NP-Hard [25], therefore the localization NLP sup-
poses a challenge for finding optimal solutions in reasonable time.

In addition, the dimensions of the space of solutions of the NLP
promotes the discretization of the space in which the sensors can
be located (i.e. Node Location Environment (NLE) [33]). However,
this discretization must preserve sufficient representativeness of
the space of solutions for finding acceptable results. Moreover,
low discretization values are not only necessary for the location
of the sensor nodes but also for the coverage region of the LPS.
The coverage of every eventual location of a target (i.e. Target Loca-
tion Environment (TLE) [23]) must be considered together with the
minimization of the system uncertainties in every TLE point. The
consideration of the uncertainties in the entire TLE cannot be
jointly derived [28] which makes the NLP be a combinatorial
non-derivable problem. Therefore, it cannot be addressed through
derivative direct methods and the discretization of the TLE is also a
requirement in NLP optimization. The discretization of the TLE
must be sufficient to represent the properties of the target in the
entire coverage region, thus requiring an exhaustive analysis of
all the space within this region.

The double deep space discretization both for the NLE and for
the TLE promotes the exploration of a huge space of solution in
the decision variables (i.e. the spatial coordinates of the sensors)
due to the NLE discretization with considerable computational cost
in the definition of the quality of the node distribution due to the
TLE discretization and due to the characteristics of the cost
function.

Therefore, the exact methods (i.e. exploring every possible com-
bination of sensors in space) are only utilized in reduced environ-
ments (i.e. low discretization values) with few sensors [34] since
the complexity is factorial with the number of nodes [35]. Approx-
imation algorithms are employed in more refined optimizations for
obtaining promising solutions in reduced time [36]. But, generally,
the complexity of the problem suggests the usage of metaheuris-
tics for the solution of the NLP.

Simulated annealing [37], the salp swarm algorithm [38],
memetic algorithms [39,40], the dolphin swarm algorithm [41],
bacterial foraging algorithm [42], the grey wolf optimization [43],
differential evolution [44] or elephant herding optimization [45]
have been proposed for the NLP but especially the GA have been
used due to their excellent trade-off between exploration and
exploitation of the space of solutions [46,47,48].

The GA also allows a more sophisticated control through the
hyperparameters over the optimization process which is crucial
for dealing with huge spaces of solutions in which the diversifica-
tion is critical. For this reason, we select the GA for this paper since
we are dealing with an optimization of the sensor distribution
which deals with a combination of uncertainties and positioning
algorithm enhancements which has not been addressed before in
the literature.

While the reduction of the noise uncertainties due to the spatial
location of the nodes through the CRLB has been previously pre-
sented in [23], we later extended this analysis by considering the
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time measurement uncertainties in the system clocks in [29]. In
this paper, we extend these works through the consideration of
possible sensor failures in the architecture nodes proposing a ver-
satile optimization which considers both nominal and failure situ-
ations of the performance of the LPS TDOA architectures. In
addition, we introduce a methodology for guaranteeing the posi-
tioning algorithm convergence through the maximization of the
radius of convergence for both nominal and failure conditions.
We finally enhance the global convergence properties of the entire
TLE region through the finding of maximum convergence points in
the optimization.

This methodology allows us in this paper to compare the versa-
tility and reliability of the TDOA positioning architecture in a real
3-D application environment extracting valid conclusions for the
localization community.

3. Problem definition

The NLP entails the definition of the optimal Cartesian coordi-
nates of the sensor nodes of the wireless sensor network architec-
ture in order to maximize the design objectives of the system
network.

Mathematically, it is the exploration inside the set (S) contain-
ing every possible combination of sensors in space in order to find
the subset (Si) with the spatial coordinates of all the architecture
sensors (ns). This subset is composed by an array
hSii ¼ hs1; � � � ; sns ið Þ with the Cartesian coordinates of any sensor
ðhsii ¼ hxi; yi; zii.

Therefore, the optimization of the NLP particularized for this
paper objectives follows a maximization equation (Eq. (1)) which
considers the accuracy of the localization architecture in nominal
and failure conditions, the convergence properties of the Taylor-
Based algorithm to determine the target location, the achievement
of maximum convergence points in the coverage region and the
penalizations for not attaining the constraints of the optimization:

Maximize Z ¼ ff ff CRLBN ; ff CRLBF ; ff CONVN
; ff CONVF

; ff MCPN ; ff MCPF ; ff pen
� �

ð1Þ
where ff CRLBN ; ff CRLBF ; ff CONVN

; ff CONVF
; ff MCPN ; ff MCPF ; ff pen are the fitness

function depending on the CRLB in nominal and failure conditions,
the fitness function considering the convergence properties of the
Taylor-Based localization algorithm in nominal and failure condi-
tions and the fitness function for the determination of the maxi-
mum convergence points that we first introduce in this paper and
the penalizations for the architectures in which some sensors are
occupying banned regions respectively

This proposed optimization must consider some restrictions for
ensuring the performance of the localization architecture in every
eventual condition in the whole coverage region. For this purpose,
we must include some optimization constraints for allowing only
valid combinations of sensor locations in space (sensor distribution
constraints), some restrictions for achieving the effective coverage
in all the space covered by the localization sensor network allow-
ing the position calculation in the entire TLE (coverage constraints)
and some constraints for ensuring the proper functioning of the
localization algorithm in both nominal and failure conditions (al-
gorithm constraints).

The restrictions for attaining valid distributions of sensors in
space are designed in order to perform the metaheuristic search
in the set of potential locations for the sensors ðSi) assuring that
each of the sensors deployed of the architecture (si) are located
in valid spatial locations avoiding potential positions that are pro-
hibited in the terrain due to obstacles. These invalid locations are
included in the subset U formalizing the sensor distribution con-
straints as:
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xlim1 � xi � xlim2 8xi 2 si; si 2 Si; si R U ð2Þ

ylim1
� yi � ylim2

8yi 2 si; si 2 Si; si R U ð3Þ

zlim1 � zi � zlim2 8zi 2 si; si 2 Si; si R U ð4Þ
wherexlim1 ,xlim2 ,ylim1

,ylim2
, zlim1 and zlim2 the lower and upper bounds

for the location of the sensors in the simulations environment; U
the subset containing the forbidden regions for the location of the
sensors in the environment.

The coverage constraints are related to guarantee the reception
of an effective signal in the architecture sensors to compute the
time measurements. This is achieved when the signal-to-noise
ratio in the signal received in the architecture sensors exceeds a
threshold. Since the TDOA and the A-TDOA architectures have dif-
ferent connections among the system devices due to the necessity
for the A-TDOA architecture of collecting all the time measure-
ments for determining the target location, the effective coverage
of a particular worker sensor in the A-TDOA architecture must
guarantee not only the effective link to the target as in the TDOA
architecture but also must guarantee exceeding the threshold in
its connection with the CS. In addition, more than the minimum
number of receivers to calculate the position in both localization
architectures must receive an effective signal to be able to deter-
mine the localization of the target. All these coverage constraints
for the optimization are presented hereafter:

covk � nminTDOA 8k 2 KTLE ð5Þ

covk ¼
Xns

i¼1
covki ð6Þ

covkiTDOA ¼ 1 if SNRki � SNRthreshold

0 otherwise

�
ð7Þ

covkiA�TDOA
¼ 1 if SNRki � SNRthresholdð Þ and SNRij � SNRthreshold

� �
0 otherwise

(

ð8Þ

covCSk � 1 8k 2 kTLE ð9Þ

covCSk ¼
Xncs

j¼1
covCSkj ð10Þ

covCSkj ¼
1 ifSNRkCSj � SNRthreshold

0 otherwise

(
ð11Þ

where covk represents the number of sensors under effective cover-
age in a particular discretized point of the TLE k; nminTDOA is the min-
imum number of architecture sensors in coverage to be able to
calculate the target location in the TDOA architecture that we
demonstrated in [15] to be set to four; KTLE are the total number
of discretized points in the TLE region; covki is the definition of
the effective coverage of a determined sensor i of the architecture
deployed; SNRki is the signal-to-noise ratio received in the architec-
ture sensor i from the emission of the positioning signal from the
point k of the TLE discretized region which must exceed the
SNRthreshold to consider an effective coverage; SNRij is the signal-to-
noise ratio of the link between the worker sensor i and the coordi-
nator sensor j in the architecture A-TDOA; covCSk are the number of
CS under effective coverage which must be at least one to be able to
determine the target location; covCSkj is the definition of the effec-
tive coverage of the CS j in the discretized point SNRkCSj is the
signal-to-noise ratio in the reception of the positioning signal in
the CS j from the target in point k.
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Finally, some restrictions are required for allowing the correct
performance of the Taylor-Based positioning algorithm proposed
in this paper. First, we propose a threshold radio of convergence
which allows the successive calculation of the target location with
a reasonable refresh rate and the existence of at least a maximum
convergence point to ensure the positioning calculation in eventual
harsh conditions:

Rconv k � Rthreshold 8k 2 kTLE ð12Þ

nMCP � 1 ð13Þ
where Rthreshold is the minimum distance from which the position
calculation can be effectuated in the entire TLE to consider the full
availability of the TDOA architecture under evaluation and nMCP is
the number of maximum convergence points in the coverage region
of the architecture.

4. Taylor-based localization algorithm

Relative time measurements in TDOA systems lead to hyper-
boloid equations of possible target locations. Numerical methods
are needed to solve the intersection of these non-linear equations.
Taylor-Based algorithms in TDOA systems allow the linearization
of the equations of the time difference of arrival of the positioning
signal to two different architecture sensors:

Rij ¼ dij ¼ dEi � dEj ¼ ctij ¼ c ti � tj
� �

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xE � xið Þ2 þ yE � yið Þ2 þ zE � zið Þ2

q
�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xE � xj
� �2 þ yE � yj

� �2 þ zE � zj
� �2q

ð14Þ

where Rij and dij represent the distance difference of the signal tra-
vel from the emitter to the architecture sensorsi and j, dEiand dEj are
the total distance from the emitter (E) to the system sensors i and j,
c is the speed of the radioelectric waves, tij is the time difference of
arrival measured in the architecture sensors,ti and tjis the total time
of flight of the positioning signal from emitter to receivers i andj
respectively and ðxE; yE; zEÞ, ðxi; yi; ziÞ and ðxj; yj; zjÞare the Cartesian
coordinates of the target and the sensors i andj.

Taylor approximation truncated on first order is applied in Eq.
(14) to linearize the equation from an initial iteration point
ðx0; y0; z0Þ:

Rij ¼ ctij ¼ Rij0 þ
@Rij

@x
Dxþ @Rij

@y
Dyþ @Rij

@z
Dz ð15Þ

where Rij0 is the range difference of arrival in the initial iteration

point, @Rij
@x ;

@Rij
@y and

@Rij
@z are the partial derivatives of the range differ-

ences measured in the i and j architecture sensors particularized
in the initial iteration point. The application of Eq. (15) to every pair
of sensors of the TDOA architecture leads to the following relation,
that enables the obtainment of the target location.

DP ¼ HtH
� ��1

HtDR ¼
Dx
Dy

Dz

0
B@

1
CA ð16Þ

where H is the partial derivative matrix, andDP represents the
incremental values from the last iteration point in each space direc-
tion which supposes the unknown of the equation.

This method is able to calculate the target location through the
least squares Taylor-Based algorithm proposed in this section.
However, it relies on the definition of a close point to the final tar-
get position to start the iterative method in order to define the DP
values to sequentially update the position until no changes in the
iterative process are observed.
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Therefore, far away starting positions to the final target location
could produce unstable target position calculations due to the high
values of the residuals of the Taylor approximation of Eq. (15).
Thus, convergence problems in the algorithm could produce archi-
tecture unavailability.

In this paper, we propose two different methods to deal with
this potential problem: the radius of convergence and the defini-
tion of maximum convergence points.

The radius of convergence is the maximum distance from which
the initial iteration point can assume the convergence of the algo-
rithm. It requires the definition of a theoretical sphere around the
target real location which must be a priori maximize to enhance
the availability properties of the Taylor-Based localization
algorithm.

For locating services, depending on the refresh rate of the posi-
tioning calculation determination and the maximum speed of the
targets to locate, a threshold on the radius of convergence
(Rthreshold) for guaranteeing the convergence of the positioning algo-
rithm is obtained. In this sense, safe operating conditions are
ensured when all TLE point present a convergence radius that
exceed the Rthreshold.

The maximum convergence points (nMCP) are the TLE points of
the space which can convergence to any TLE discretized point of
the architecture. The definition of these points may help the local-
ization algorithm in divergence-detected cases and for the initial
target location determination of the time series.

The maximum convergence points also support the system
operation in harsh environments in which the attainment of high
radius of convergence values is not possible. However, the closer
the initial iteration point the faster the convergence of the algo-
rithm which is critical for real-time LPS applications. Therefore,
the greater number of maximum convergence points the more
robustness for the TDOA architecture. However, not every simula-
tion scenario can define a maximum convergence point and a com-
bination of pre-defined points can assure the convergence of the
architecture.

For this reason, a maximum convergence point can be a unique
discretized point of the space (i.e. the ideal case) or a combination
of points.

Mathematically, an ideal unique maximum convergence point
is defined as:

nMCPi ¼
1 if TLECONVi

¼ KTLE

0 otherwise

�
ð17Þ

TLECONVi
¼

XKTLE

k¼1
TLECONVik

ð18Þ

TLECONVik
¼ 1 if i converge to k

0 otherwise

�
ð19Þ

where nMCPi refers to the definition of a maximum convergence
point in the space location i; TLECONVi

is the number of the dis-
cretized points of the TLE to which the point i can convergence
which must be equal to the total KTLE in order to define a maximum
convergence point, and TLECONVik

defines if the point i can guarantee
convergence to the point k of the discretized TLE points.
5. CRLB estimation for TDOA and A-TDOA architectures

Errors during time measurements produce uncertainties that
affect the performance in terms of accuracy and stability of the
localization architectures. The CRLB provides the maximum attain-
able accuracy for each operating condition, i.e. depending on the
characteristics and magnitudes of the time measurement errors.
Its large-scale application in the positioning field [49,50] just as
153
their capability of adaptation to several error models, support their
application to the NLP problem in complex heteroscedastic envi-
ronments [51].

Recent studies [51] have proposed a matrix form for the CRLB in
terms of the Fisher Information Matrix (FIM) which allows the def-
inition of the uncertainties models in the covariance matrix of the
system:

FIMmn ¼ @h TSð Þ
@TSm

� �T

R�1 TSð Þ @h TSð Þ
@TSn

� �

þ 1
2
tr R�1 TSð Þ @R TSð Þ

@TSm

� �
R�1 TSð Þ @R TSð Þ

@TSn

� �� �
ð20Þ

where m and n are the sub-indexes of the FIM matrix for the
estimation, TS represents the location of the target sensor
expressed by their Cartesian coordinates, hðTSÞ contains the char-
acterization of the deployed positioning architecture represented
by the travel of their signals, expressed for TDOA and A-TDOA sys-
tems through the following relations:

hTDOAi ¼ kTS� CSik � kTS� CSjk

i ¼ 1; � � � ;Ncs; j ¼ 1; � � � ;NCS; i–j ð21Þ

hA�TDOAi ¼ kTS�WSik þ kTS� CSk � kWSi � CSk

i ¼ 1; � � � ;Nws ð22Þ
where CS and WS are related to the Coordinator and Worker Sen-
sors respectively, NCS is the number of CS, NWS the number of WS,
R TSð Þ is the covariance matrix that enclosures the heteroscedastic
probability distributions of the time measurements errors of the
system. Under this consideration, noise uncertainties are modeled
through a Log-Normal path loss model for wireless positioning sig-
nals. Clock errors are implemented in the variances of each time
measurement (TÞ by their initial-time offset (U), time from last syn-
chronization (T0Þand clock drift ðgÞ of their devices.

Noise and clock errors can be considered independent since the
causes of their appearance are different. Noise uncertainties are
promoted by the degradation of the positioning signal in its travel
to the architecture sensor in TDOA architectures adding the trans-
mission from the WS to the CS in A-TDOA architectures. Clock
errors are due to the characteristics of the system clocks in charge
of the time measurements and the protocol for the synchronization
of the system devices. Their stochastic nature recommends per-
forming a Monte-Carlo model for estimating its value for each
one of the time measurements needed to calculate the target
location.

Particularly, TDOA signal noise depends on the two required
transmissions i and j for collecting a time measurement for which
we apply the Log-Normal path loss model and the time measure-
ment of these two signals in the architecture sensors i and j gener-
ate two different probabilistic distributions for the clock errors
depending on the initial time-offset, the time from the last syn-
chronization, the clock drift and the truncation error.

Regarding the A-TDOA architecture, the modeling of the noise
uncertainties must also consider the path losses from the WS to
the CS and the clock error model eliminates the terms of the syn-
chronization error and reduces to a unique Monte-Carlo simulation
for each time measurement since this architecture only collects a
time measurement for each hyperbolic equation in the CS.

Therefore, the TDOA architecture reduces the noise uncertain-
ties with regards to the A-TDOA architecture since their position-
ing signal paths are shorter, but A-TDOA architecture provides
lower clock errors which do not allow us to conclude that any of
the architectures overcomes the other in any localization context.
This complete model for the estimation of the system uncertainties



Fig. 1. Flux diagram of the GA and the proposed genotypes codification. All node positions are scaled to cartesian coordinates within the delimited regions.

Fig. 2. The scenario of simulations. Base surface is characterized through grey
colors, while TLE region is depicted in blue color.

Table 1
Configuration parameters for the TDOA and A-TDOA architectures [52,53].

Parameter Value

Transmission power 100 W
Mean noise power � 94 dBm
Frequency of emission 1090 MHz
Bandwidth 80 MHz
Path loss exponent 2.16
Antennae gains Unity
Time-Frequency product 1
Clock frequency 1 GHz
Frequency-drift U �10;10f gppm
Initial-time offset U 15;30f gns
Time from synchronization 1 ms
Architecture sensors 5

Table 2
The GA configuration [54].

GA Settings

Population size 120
Selection technique Tournament 2
Crossover technique Single-point
Mutation technique Single-point
Elitism percentage 3.5%
Mutation percentage 5%
Stop criteria 120 generations or 80% of equal individuals
Fitness function coefficients 1
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was first presented in one of our recent works [29] defining the
variances for the time measurements of the TDOA and A-TDOA
architecture:
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rTDOAij
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di ¼ kTS�WSik

dTS ¼ kTS� CSk

dCSi ¼ kWSi � CSk

i ¼ 1; � � � ;NWS

where c is the signal propagation speed (m/s), B is the signal band-
width (Hz), Pt is the power of emission (W), Pn is the mean noise
level (W) obtained based on Johnson-Nyquist relation, n is the path
loss exponent, d0 depicts the reference distance for the Log-Normal
model, PLðd0Þrepresents the path-loss related to the reference dis-
tance, and floorTR is the representation of the temporal resolution
of the clocks.

Lastly, the calculation of the Root Mean Squared Error (RMSE)
provides the location accuracy in terms of the sensor distribution,
target location and operating conditions:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
trace J�1

	 
r
ð25Þ
6. GA implementation and fitness function

The performance of LPS is severely reliant on architecture sen-
sors distributions in complex tridimensional environments. This



Fig. 3. CRLB estimation in meters for the TDOA and the A-TDOA systems. Black spheres represent the location of theWS and the blue sphere depicts the CS of the distribution.

Fig. 4. Convergence evaluation in meters for the TDOA system and A-TDOA. The red sphere represents the malfunction sensor that cannot be used for position estimation.

Fig. 5. Maximum convergence evaluation for Rthreshold of 200 for the TDOA system and A-TDOA system. The red sphere depicts the malfunction sensor that cannot be used for
position estimation.
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fact promotes that optimized sensor deployments encourage the
maximization of the capabilities of the positioning systems.

Irregular 3D environments represent a complex framework for
heuristic optimization techniques, due to the difficulties related
to the definition and delimitation of the variables of the problem.
Prior works [23], the NLP for complex scenarios with a free defini-
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tion of TLE and NLE regions is solved through a scaled GA, shown in
Fig. 1.

The designed codification relies on the scaled binary conversion
to the real coordinates of the scenario of application, allowing total
control over the spatial resolutions of NLE and TLE zones. Conse-
quently, each individual of the population contains the cartesian



Table 3
Mean optimization results for TDOA y A-TDOA architectures in nominal and failure
conditions.

Parameter TDOA A-TDOA

RMSE nominal (m) 25.28 5.38
RMSE failure (m) Combination 1 46.62 –

Combination 2 88.85 11.98
Combination 3 55.30 13.18
Combination 4 41.50 17.99
Combination 5 29.05 12.57

Convergence radius nominal (m) 102.95 191.56
Convergence radius failure (m) Combination 1 77.53 –

Combination 2 55.34 141.55
Combination 3 79.72 243.35
Combination 4 68.52 214.64
Combination 5 68.29 165.12

Max Convergence for Rthreshold = 200
nominal

0.975 1

Max Convergence for Rthreshold = 200
failure

Combination 1 0.971 –
Combination 2 0.817 0.997
Combination 3 0.934 1
Combination 4 0.905 1
Combination 5 0.959 1

Fig. 6. The second scenario of simulations. Base surface is characterized through
grey colors, in black an obstacle and TLE region is depicted in blue color.
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coordinates of each sensor to be located, stored in binary, which
also facilitates the implementation of multiple selection, crossover
and mutation methods and different convergence criteria.

A weighted optimization is carried out for ensuring the correct
maximization of accuracy and capabilities of the system in failure
conditions for the TDOA and A-TDOA positioning architectures,
expressed through the following relations:

ff ¼
XComb

1

C1

KTLE

X 1
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where ff is the fitness function value for a specific sensor distribu-
tion, Comb represents the number of possible combinations of four
sensors based on the entire architectures sensors, Ck denotes the
value of the k coefficient value for weighting the fitness function
components, KTLE is the total number of TLE points at study,
RMSEref and Distref depicts respectively the reference RMSE and con-
vergence distance magnitudes for normalizing the accuracy compo-
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nent of the fitness function, RMSE4sensors is the vector that expresses
the CRLB evaluation for TLE point at every combination of four sen-
sors, Dist is the vector that contains the convergence metrics for
each point of the TLE zone, RMSE is the accuracy evaluation for
the entire TLE region using the complete architecture sensors
deployment available at each place, MC represents the fulfilment
of maximum convergence criteria (binary) for each TLE point, KMC

is the total number of analyzed situations for the maximum conver-
gence criteria, N is the number of deployed sensors, and BLiis the
binary penalty associated to not allowed sensor distributions
locations.
7. Results

The results for the combined optimization of accuracy, failure
operation and algorithm convergence performance for TDOA and
A-TDOA positioning architectures are submitted in this section.
Initially, a common scenario for simulations is designed in order
to enable effective comparisons between the architectures.

Based on Fig. 2, the TLE regions occupy a limited zone that
extends from 0.5 to 5 m of elevation from the reference surface.
This zone is discretized under a division of 20 m in the Cartesian
coordinates � and y, and a spatial resolution of 1 m for the z coor-
dinate. Under this characterization, a trade-off between processing
time and continuity in solutions is accomplished for the correct
evaluation of the performance of positioning systems.

The NLE expands over the entire base surface, except for the
area delimited by the TLE zone. For the NLE region, the elevation
of the architecture sensors is constrained in the interval [1,6]
depicting a typical indoor/outdoor environment where height of
sensors is limited. The spatial resolution of the NLE area is provided
by the length of the chromosomes employed as individuals of the
GA. For this optimization, the three Cartesian coordinates vary
their resolution from 0.5 to 1 m, based on the chromosomes topol-
ogy and the maximum intervals of each coordinates [23].

Tables 1 and 2 present the parameters employed for the simu-
lations, related to the configuration of positioning systems and the
setting of the GA for the optimization.

The selection of Table 1 parameters is based on the characteri-
zation of a generic technology that ensures an unbiased compar-
ison between TDOA and A-TDOA positioning architectures. In the
case of Table 2, the presented configuration of the GA provides
the best trade-off between execution time and maximization of
the global fitness functions, leading to optimum sensor distribu-
tions for both positioning systems.

The results of the optimization of the sensor placement of TDOA
and A-TDOA architectures in the described scenario based on the
predefined operating conditions and optimization methodology
are presented hereafter. Fig. 3 show the RMSE evaluation for ana-
lyzed positioning systems during nominal operation.

As it can be observed in Fig. 3, A-TDOA architectures provide
better performance in terms of accuracy due to the drastical reduc-
tion of location uncertainties induced by clock errors [29] in LPS.

System operation in case of malfunctions is severely limited by
the convergence of the positioning algorithms implemented. Fig. 4
depict the convergence radius criteria evaluation for the TDOA and
A-TDOA architectures respectively, when the minimum number of
sensors is accessible for univocally calculating the location of the
target.

Fig. 4 shows that the convergence radius obtained for each TLE
point is larger in the case of the A-TDOA architecture, boosting the
robustness of the system in failure conditions and providing higher
flexibility during the operation.

Maximum convergence is analyzed based on a Rthreshold that indi-
cates the distance to the target sensor at which the TLE inner



Fig. 7. RMSE evaluation for TDOA and A-TDOA architecture in a split TLE. Black spheres represent the location of theWS and the blue sphere depicts the CS of the distribution.

Fig. 8. Convergence evaluation in meters for the TDOA system and A-TDOA in a split TLE. The red sphere represents the malfunction sensor that cannot be used for position
estimation.

Fig. 9. Maximum convergence evaluation for Rthreshold of 200 for the TDOA system and A-TDOA system in a split TLE. The red sphere depicts the malfunction sensor that cannot
be used for position estimation.
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points to this radius can be used as start points to the Taylor-based
iteration. Fig. 5 shows the maximum convergence evaluation in
failure conditions for a Rthreshold of 200.

Lastly, Table 3 summarizes the main performance metrics
related to accuracy, convergence radius, and maximum conver-
gence capability of the positioning architectures at study, both
for nominal and failure situations.
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Table 3 indicates the better performance in terms of accuracy,
convergence radius and maximum convergence points of the A-
TDOA architecture during nominal and operating conditions. From
the previous results, the reduction of 78.7% in RMSE mean values
and the increase of 86% in convergence radius of the A-TDOA over
the TDOA architecture must be highlighted. Also, both optimiza-
tions show that almost all points of the TLE within the Rthreshold of



Table 4
Mean optimization results for TDOA y A-TDOA architectures in a split TLE.

Parameter TDOA A-TDOA

RMSE nominal (m) 26.1 2.74
RMSE failure (m) Combination 1 39.65 –

Combination 2 36.17 9.88
Combination 3 44.27 3.92
Combination 4 41.89 2.95
Combination 5 70.42 3.33

Convergence radius nominal (m) 106.32 158.65
Convergence radius failure (m) Combination 1 56.23 –

Combination 2 80.36 136.40
Combination 3 110.89 136.61
Combination 4 66.57 143.81
Combination 5 47.48 150.42

Max Convergence for Rthreshold = 200
nominal

0.9989 0.9986

Max Convergence for Rthreshold = 200
failure

Combination 1 0.9837 –
Combination 2 0.9702 0.9905
Combination 3 0.9631 0.9896
Combination 4 0.9930 0.9904
Combination 5 0.8670 0.9906
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200 are accessible for starting the Taylor-based approach for each
point of the TLE region. In this sense, a great flexibility for the
refreshing time of the algorithm and the speed of the target sensors
is achieved, being possible to use a refreshing time of 5 s and
speeds up to 140 km/h in nominal operating conditions.

Moreover, in order to validate the hypothesis that we have pro-
posed in this paper and in order to extend the effectiveness of the
results, we have included one additional scenario with different
characteristics.

The scenario is composed of two independent coverage areas as
it can be seen in Fig. 6.

This outdoor scenario verifies the suitability of the A-TDOA
architecture where there is a main area and a secondary area rep-
resenting potential rural roads. Fig. 7 shows the CRLB estimations
for both architectures.

Fig. 8 shows the estimated convergence for both architectures.
In this scenario, the operation of the system in case of breakdowns
is not severely limited, although the TLE conditions are different
and the TLE is divided. In the scenario described above, the A-
TDOA architectures provide better performance.

In addition, Fig. 9 shows the comparison of the maximum con-
vergence between the TDOA system and the A-TDOA in a scenario
with two separate coverage areas.

The performance metrics obtained in this scenario are shown in
Table 4. These metrics show that the A-TDOA architecture has
greater precision and convergence capacity also in this second
rural scenario concluding the benefits of the A-TDOA architecture
in these contexts.

The previous results demonstrate that the A-TDOA architec-
tures are suitable candidates for high-requirement LPS, when accu-
racy, algorithm convergence and localization system robustness
are required.
8. Conclusions

Local Positioning Systems (LPS) are an active topic of research
due to the development of high-demanded accurate applications
such as autonomous navigation, surveillance or low-level UAV
flights. LPS allow the deployment of an ad-hoc sensor distribution
for adapting the characteristics of the environment in which they
are deployed. This enables providing a stable and accurate localiza-
tion service in harsh environments.

Among the LPS, those based on time measurements are the
most extended in the literature due to their trade-off among relia-
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bility, cost, robustness and easy-to-implement hardware
architectures.

The implementation of promising time-based LPS architectures
requires an optimization of the node location in order to reduce the
system uncertainties. This has been named as the Node Location
Problem (NLP) and its fulfillment is critical for finding competitive
LPS results.

Recent investigations have highlighted that after the optimiza-
tion of the sensor distribution, the clock uncertainties in the time
measurements represent the largest and less controllable error of
the time-based LPS architectures.

Consequently, asynchronous architectures such as the Asyn-
chronous Time Difference of Arrival (A-TDOA) have been proposed
for mitigating the synchronization error of the clocks of the archi-
tecture sensors. However, this architecture presents some draw-
backs with regards to its synchronous base architecture Time
Difference of Arrival (TDOA).

A-TDOA relies on a single clock of a coordinator sensor for col-
lecting the time measurements for avoiding the synchronization
errors thus making the architecture more dependable on this sen-
sor and the architecture less versatile. This inherent problem of the
A-TDOA architecture could produce potential problems in failure
conditions of the architecture making the A-TDOA less competitive
than the TDOA architecture in these situations.

In this paper, we analyze the behavior of the TDOA and A-TDOA
architecture in nominal and failure conditions. This requires the
minimization of the system uncertainties in both conditions and
the guarantee of the localization algorithm convergence in the
minimum sensor configuration (4 nodes) in both architectures.

We guarantee the algorithm convergence through the considera-
tion of the maximization of the convergence radius in all the possi-
ble coverage region and we first introduce the maximum
convergence points for achieving full coverage in unexpected condi-
tions, harsh coverage regions or initial time series iteration points.

Results show that the consideration of all these potential prob-
lems of the A-TDOA architecture during the optimization of the
sensor distribution enables it to overcome the deficits of the archi-
tecture and therefore making it competitive for LPS applications.
Particularly, in the two scenarios of simulations of this paper, A-
TDOA supposes a reduction of the error bounds in 78.7% and
89.5% and increases in 86% and 33% the convergence radius with
regards to the TDOA architecture. In addition, maximum conver-
gence points are more easily found in the A-TDOA configuration
which has been firstly studied in this paper. Therefore, higher
refreshing rates of the positioning signal are allowed and higher
accuracy is provided in the A-TDOA architecture showing this
architecture as an optimal candidate for high-demanded accuracy
applications in harsh environments.
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