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Abstract—Traditional centralized direct localization methods
require the transmission of the complete baseband signal to the
fusion center (FC) for target localization. Due to the limited
communication bandwidth as well as energy required in trans-
mission, this centralized framework is not suitable for large-
scale sensor networks. This paper proposes an information-
driven decentralized direct localization framework. Firstly, a
maximum-likelihood position estimator, based on the Gauss-
Newton method, is derived. Then, a decentralized implementation
framework is constructed. At its core, there is no dedicated FC
while the sensors transmit information to their neighboring nodes
only through single hops, achieving target localization through
iterative processes based on the concept of consensus. Simulation
results confirm the stability and robustness of the proposed
method in different scenarios.

Index Terms—Consensus, decentralized estimation, direct lo-
calization, Gauss-Newton method, maximum-likelihood estima-
tion.

[. INTRODUCTION

Multi-sensor networks have attracted increasing attention
and have demonstrated considerable potential [1], particularly
in the realms of target detection [2], tracking [3], and lo-
calization [4]. The integration of information across multiple
sensors empowers these networks to surpass the performance
capabilities achievable by individual nodes in isolation. This
collaborative synergy not only enriches the quality of gathered
data but also plays a pivotal role in enhancing the overall
effectiveness and robustness of the system across a spectrum
of applications.

Target localization, as a core representative task in the space
of multi-sensor applications, is currently attracting noticeable
research attention. Generally, target localization techniques
can be categorized into two main types [4], [5], [8]-[10]:
two-step localization methods [4]-[7] and direct localization
methods [8]-[10]. The first type of localization process typi-
cally involves two steps: initially, measurements pertinent to
position estimation (such as angle of arrival or time of delay)
are collected to detect potential targets at each sensor node.
Subsequently, the target position is computed by solving a
set of equations based on these measurements. These methods
are often termed as two-step localization approaches, which

involves first the detection of a target based on measurements
and then its localization. However, following the detection
phase, certain sensors may not receive position-related mea-
surements due to varying path attenuation and signal strength
fluctuations. This results in challenges in associating targets
with measurements that could eventually undermine the local-
ization performance. On the other hand, another category of lo-
calization algorithms, known as direct localization approaches,
aims to directly localize the target by jointly processing the un-
thresholded signal echoes and obtaining maximum-likelihood
estimates (MLE). The direct localization approach leverages
the complete received signal information and eliminates the
need for the target-measurement association step present in
the two-step localization approach. Therefore, it tends to offer
more robust localization performance, particularly in scenarios
with low signal-to-noise ratios (SNRs) [10].

However, the direct localization approach faces significant
challenges, particularly in terms of communication load on
the FC, as it requires the transmission of complete baseband
signals [8]. This challenge becomes more pronounced with
a surge in the number of sensors, such as in large-scale
sensor networks [11]. Moreover, in the context of target
localization addressed in this paper, where the measurements
from all the sensors need to be processed by the FC for
target position estimation, a centralized system faces the risk
of breakdown if the FC is compromised as it provides a
single point of failure. This vulnerability poses a significant
hindrance to meeting the demands of flexible deployment and
rapid response inherent in multi-sensor networks. To address
the potential drawbacks mentioned above, a decentralized
framework has emerged [12], [13]. At its core, the completion
of system tasks in a decentralized system does not require the
involvement of a FC, instead, it relies on information exchange
among nodes and their neighbors.

Due to the robustness of the system structure and the
high resilience of signal processing frameworks, decentralized
systems have been the subject of extensive research in recent
years [13], [15]-[17]. Soatti et al. [18] addressed the problem
of decentralized localization using signal strength informa-
tion and developed a target localization algorithm under a



decentralized least squares framework. Similarly, within this
framework, Wu et al. [19] noticed the potential SNR variations
across different sensors, leading to measurements of vary-
ing qualities. They utilized game theory principles to assign
different weights to measurements from different sensors,
achieving higher localization performance gains compared to
fixed-weight methods. While the aforementioned algorithms
employ a two-step localization method, their performance is
not entirely satisfactory in low SNR scenarios. Xia et al.
[20] developed an adaptive iterative decentralized direct lo-
calization algorithm under the steepest descent framework,
which outperforms two-step localization algorithms in terms of
localization performance. However, this algorithm relies on the
choice of parameters, such as step size. Pourhomayoun et al.
[21] proposed three different decentralized direct localization
methods. The first method applies the Gershgorin theorem
to compute the intermediate localization results, which are
then fused into a common sensor to achieve target position
estimation. This method requires the transmission of original
signal samples, resulting in a significant communication load.
The second method involves computing the cross ambiguity
matrices (CAM) and conducting multi-hop transmissions in a
sensor network. This method still demands substantial com-
munication bandwidth and requires frequent communication
between sensors. The third method uses some extracted time-
difference-of-arrival or frequency-difference-of-arrival values
to aid in the formation of the CAM and then extracts the
position from the CAM via the largest eigenvalues. In com-
parison to the former two methods, the third method yields less
satisfactory localization accuracy. Ma et al. [22] constructed a
local direct localization cost function at each sensor node and
utilized importance sampling methods to complete the target
position estimation. However, this method requires accurate
interpolation fitting of the objective function, resulting in high
computational complexity.

This paper proposes a novel decentralized direct localization
(DDL) architecture, whose main objective is to not only
enhance the system robustness but also reduce the communica-
tion load compared to traditional centralized direct localization
methods (e.g., [9], [10]). The main contributions of our work
are as follows:

1) A new single-node iterative estimation method for direct
localization is developed. Drawing inspiration from the
Gauss-Newton method, the centralized direct localization
estimator is decomposed, allowing each local sensor to
independently perform direct position estimation similar
to the centralized approach. This methodology eliminates
the need for a FC’s involvement in the entire system.
In addition, direct localization, based on the particle
swarm optimization (PSO) algorithm, is introduced into
the position initialization process, ensuring satisfactory
system efficiency while enhancing its robustness under
low SNR conditions.

2) A decentralized direct localization strategy based on con-
sensus is proposed, which moves away from traditional

centralized methods that require each sensor to transmit
complete baseband signals. Through an average consen-
sus strategy, each sensor only needs to transmit low-
dimensional information parameters among neighboring
nodes, which significantly reduces the overall communi-
cation load of the system while effectively leveraging the
relevant information from the entire system.

Notations: Throughout this paper, a (or A), a, and A repre-
sent scalars, vectors and matrices, respectively; []T denotes
the transpose of its argument; || - || represents the 2-norm
of a vector; (-)* denotes the conjugate, and (-)” denotes the
conjugate transpose. The superscript (-)RU ) represents the real
or imaginary parts of a complex element; V, is the gradient
with respect to a. The symbol o< denotes directly proportional,
while E{-} denotes the mathematical expectation.

II. SYSTEM CONFIGURATION AND SIGNAL MODEL

In this paper, we study the problem of position estimation
in a two-dimensional Cartesian coordinate system using a
decentralized multi-sensor system. We assume that the system
is equipped with L sensor nodes that passively receive signals
from a radiation source to perceive the target, while the
system clock synchronization among them is guaranteed using
devices, such as a GPS unit. Compared to a centralized
architecture, a decentralized system does not require the in-
volvement of a FC. In this architecture, each sensor node can
only communicate with its neighboring nodes, as shown in
Fig. 1. Denote the position of the unknow radiation source
by the vector of coordinates, w = (x,y) . The position of
the /-th sensor node is denoted by the vector of coordinates,
pr = (x,,yl)T,l =1,...,L. We also assume that the signal
propagates along the line of sight (LoS). The baseband signal
observed by the /-th sensor can be represented as

r(t)=oys(t =7 (u) +m(t), 0<1 <T, )]

where T is the observation interval. The term ¢; is an unknown
complex scalar representing the path loss. The term s(r) is the
transmitted signal waveform from the target. The term 7; (u)
represents the propagation delay from the source signal to the
[th sensor, which can be defined as

—x)? N2
() = le—u||2:\/(x )"+ =) 7 @

c c

with ¢ is the speed of light. The term n;(¢) represents the noise,
modeled as a complex Gaussian white random process with
zero mean and variance 62, and is assumed to be independent
of noise at the other sensors. It is worth noting that for sensors
with functionalities, such as angle or velocity measurements,
the received signal model in (1) may have a more complex
form. However, since the focus of this paper is not on the
signal form, we only consider a simpler form involving merely
time delay.

After sampling, the continuous signal of (1) can be written
in a vector form

r; = oys(u) +mny, )
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Fig. 1. Conceptual diagram of centralized and decentralized systems.
where A
s(u) = [S[O],S[l], '7S[K_ 1]]T7
A
r[:[rl[O],rl[l],...7rl[KfIHT, (4)
A
n, = [I’ll[OLnl[l], e 71’1[[K7 1]]T,

with the sampling interval 7y =T/ (K — 1). The sampled noise
term n; is still regarded as a zero-mean complex Gaussian
random vector with the correlation matrix

N, =E{nn/} = o/, Q)

where I; denotes the d x d identity matrix.

III. CENTRALIZED DIRECT LOCALIZATION

In this section, we review the traditional direct localization
algorithm with a FC based on the MLE. Note that the position
information of the target is contained in the time delay of the
signal. Based on the independence of the noise distribution
among various sensors, the likelihood function of multi-sensor
joint estimation can be expressed as

C(Rlu, o) =

L 6
oo {5 (r-aus(u) "N (n - st}

where R 2 [rr,...,r7) € CEK | and « 2 [o,...,0u] . The
term 7y denotes a constant coefficient unrelated to the parameter
of interest w. In the following, w is omitted in s(u) for ease
of notation, i.e., s(u) is written as s. Note that the likelihood
function in (6) contains two types of unknown parameters,
namely the target position w and the propagation coefficient
«. In classical centralized direct localization methods, the
unknown parameter o can be eliminated in (6) by using its
MLE [9]. The target position can thus be estimated as

4 = argmaxIn { (R|u). (7

The above equation can be solved to obtain the target position
estimate through a simple grid search [9]. Note that, in the
classical direct localization architectures [8]-[10], in order to
acquire target localization, each sensor node needs to transmit
its received baseband signal to the FC. With an increase in the
number of sensor nodes, especially in large-scale networks,
the communication and computational burden on the FC
would become substantial. Furthermore, the aforementioned

estimation process must be completed at a FC. As indicated
earlier, central computation at the FC may result in a single
point of system failure in the case of FC malfunction or
adversarial attack. Next, we will explore the decentralized
implementation of direct target localization.

IV. DECENTRALIZED DIRECT LOCALIZATION
FRAMEWORK

In this section, we propose a novel decentralized direct
localization method. First, we derive an iterative estimation
method for each local sensor to solve the target position based
on the Gauss-Newton approach. Subsequently, we develop a
decentralized multi-sensor direct localization method based on
a consensus strategy.

A. Local Iterative Estimation Process

In order to achieve the decentralized estimation of target
positions, we first derive the decentralized estimation process
for each local sensor node. For a given target position u, the
observation models of sensor / under hypothesis Hy (the target
is absent) and H; (the target is present) are formulated as

H1:r1:a1s+n[, H()Zr[:ll[, (8)

while the likelihood function of node observations under both
hypotheses is given by

1 _
E(r,\mal,H]) = Hiexp {—2 (l’] — OCIS)HNZ 1 (I‘l - OC[S)} .

1 _
£(r;[Ho) = poexp {—zrsz lrz} -
)]

where U, Ho denote constant coefficients unrelated to the
parameters v under hypotheses H, Hp respectively. Since
4(r7|Hp) is not a function of w, for the estimation of w, the
likelihood function can be expressed as

{(x;|w, 04, Hy)
(x| Ho)

1
=3 {rf’Nl_ls(xl + (a;s)HNl_lrl - (als)HNl_lsa;} .

€(rl|u, (Xl) < In
(10)

For any parameter wu, the likelihood function (10) is maximized
using oy = @y, where ¢ is calculated as the solution to

(In

By taking the partial derivatives of the real part (le and the
imaginary part 0‘11 , (11) can be solved as

Vo, l(r)|w, 0)|g—a, = 0.

Vrt(ri|u, 0q) = Vg l(riju, ) = 0. (12)
By using (10), VaIRE(rl|u, oy) = 0 becomes
1
3 {rN's+s"N ') —20fs"N; Is} =0, (13)
Similarly, by using (10), Vallf(rl\u,oq) =0 becomes
%{rf"Nl_ls—sHNl_lrl +2jofs'Ny sy =0, (14)



Combining (13) with (14) and after some simplifications,
the MLE of ¢o; can be calculated as

Hng—!
A_le I,

oy = . 15
! sAN; s (1>

In order to obtain the likelihood of the /th sensor node without
ay, we insert (15) into (10), and we obtain
1 _
{(r;|u) = ErﬁN,’ls (s"N;'s) 1sIL"Nflrl. (16)
At this point, we have obtained the local likelihood function
characterization for each sensor. The target position can be
determined by solving the following optimization problem:
4y = argmax £(r;|u),
N (17)
S.t. é(l‘ll'li[) > K,
where x is a detection threshold determined under the
Bayesian or Neyman-Pearson formulation. If the log-
likelihood function exceeds k, detection of the target is
declared, otherwise no target is declared.

To obtain the local target position estimates, unlike the
computationally expensive grid search employed in traditional
direct localization [9], [10], we, instead, utilize the principles
of the Gauss-Newton algorithm. This enables a more efficient
iterative estimation process for the target position at each local
sensor. Denote

A RTINS, E 2SN s, (18)

From (16) and (18), it can be observed that the local likelihood
function is only related to A; and &;. Therefore, unlike directly
expanding ¢(r;|u) in (16) using a Taylor series, we perform a
first-order Taylor expansion only for A; and E; at the current
estimate value @] = [£7, j}?]T to obtain their approximations,
where g represents the number of iterations. The potential
benefit of doing this is that we can effectively eliminate the
need for computationally expensive operations, like calculating
second-order derivatives required by the traditional Newton’s
method. Additionally, we can avail of faster convergence per-
formance compared to the traditional steepest descent method.
Thus, (16) can be approximated as

1 ~a ) N
feifw) o5 | (Vi (@) Dgg+A (@)
T
| (Va1 (@) 6gg421 (a)|

T H
X[(Vﬁ;zAl (af)) Aﬂlq+A,(a;f)] .

—1
(19)

For the sake of notational convenience, A;I is substituted for
A; (@), while E/ is substituted for &; (@) in the following.
The components in (19) can be solved as

(20)

.
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u
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According to (2), the derivative of position in (21) can be
transformed into a more intuitive derivative with respect to

time delay as

q_ q.4 q _ 41,4
Vf;,Al = Vf;iAzaz» VyA;,AZ = VT;IA, by, (23)
wq __ =4 .49 =4 __ 41,4
V& —Vf;/ﬂ“w V¥ = VT;H by, (24)
where 7
£ —x
aq = VAq ‘L'q = ]71,
N [
. (25)
Y =i

q_ q _
b, =Vpt =

cllaf —pi,
From (20), we see that the estimation of the target position u
can be realized through an iterative process of ﬁ;], where the
increment of the iteration is determined by Aﬁ?. Thus, after
obtaining the initial value of ﬁ;’ for the current iteration, the
key lies in how to select an appropriate increment A 4.

The MLE of the increment between the iterative value and
the true value of the target position in (19) can be obtained
by solving

Jref () (van)
« [Vasgfuad) —Re{Vaal (Al ]

where Re{-} denotes the real part operation, while the term
E('&lq) represents substituting the current estimated value ﬁ?
into (16).

Therefore, the iterative estimation process of the target
position by the /th local sensor node can be represented as

11 * T -1
af " = af — [Red (VggAf) (VagaY)
1 !

x [ Vag b)) —Re {Vasn(af)} ]
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Each sensor node can iteratively execute the above equation
to get the estimate of the target.

At the local sensor nodes, there are multiple potential target
positions that maximize the objective function. These potential
target positions have equal time delays for the nodes. More-
over, we note that the objective function exhibits convexity
only in the vicinity of the true target position. Thus, the
iterative convergence to the target true value requires selection
of an initial value close to the target true value.

B. Initialization Procedure

We note that to select the initial value of the target position,
a rough two-step localization can be adopted. However, due to
the poor accuracy of the two-step localization method at low
SNRs, there may be significant errors between the selected



initial value of the target position and the true value, thereby
affecting the convergence speed of the local iteration process.
In this section, a more efficient initialization method based on
the PSO algorithm is designed.

Assume that a swarm of U particles explores the initial
target position. The ith particle (i = 1,...,U) at the zth
iteration is described by two features: position vector u; and
velocity vector vi. Define the positive (tunable) constants /1
and hy as the acceleration coefficients that guide the particles
toward the personal best and global best positions, respectively.
The velocities and positions of all the particles are updated at
each iteration as

'vl-ZH =H [v] +hiry (@ — uf) + hory (@7 — )],
z+1 z+1

i i

(28)

uT =ui v

where @} denotes the personal best position achieved by the
ith particle at the zth iteration. The constriction factor H is
given by [8]

2

H—
‘2—(!11 i) = () =4+ )

(29)

Note that the terms r; and r, are random variables uniformly
distributed over [0,1] [8].

The update criterion for the position of the ith particle at
the (z+ 1)th iteration is

el _ {u () = g
: wit G(wt) < §(@)’
where { (@) represents the value of the objective function
when 4 is substituted into (6). The global best position
@*t! at the (z+ 1)th iteration is obtained by comparing all
the personal best positions updated by particles until the kth
iteration, namely,

(30)

’ELZ+1 _ ﬂj*,

" = argmax § (@). G
ie{l,...,U}

For computational efficiency, we constrain the potential search
region of the target location to the surveillance area of the
sensors, defined as [WUmin, Umax], Where Upmin = [Xmin, Yimin] "
and Wmax = [Xmax, Ymax] | are determined by the range of the
surveillance area. Note that it is possible for some particles
to move outside [Upin, Umqy] during the iteration process. To
avoid this, we impose the following step in iterations to
constrain its range:

(32)

z+1
uz+1 _ JUmax W] > Upax
UWUmin

i ulg+l < Upin .
The above steps are repeated until z reaches the maximum
number of iterations Z.

C. Fusion Strategy

The aforementioned local iterative estimation process, while
capable of obtaining the estimate of the target position locally,
is limited by the performance of individual sensors, making it
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Fig. 2. The flowchart of DDL at the /th node.

challenging to achieve satisfactory localization results. In this
subsection, consensus is employed to enhance the estimation
performance of individual nodes. The consensus method is
an effective decentralized fusion strategy where each node
aggregates relevant information from its one-hop neighbors
about unknown parameters in the system to improve the local
performance.

Here, we propose to employ the average consensus ap-
proach [18], [19]. It relies on iteratively refining the local
estimates at nodes and exchanging information with one-hop
neighbors to collaboratively estimate a shared target position.
After computing the local gradient at each sensor, consensus
is reached by exchanging information with neighbors. The
update rule for each consensus step is as

_ 1 _ 1

geEN gER

(33)

where X; represents the set of neighbors of sensor / excluding
itself, G is the number of elements in X;, while

* T
MZ:Re{(VﬂgAZ) (Vagns) }

wf = V.gyEe0(af) —Re { Vg AS(AD)" |

(34)

After reaching consensus, each local sensor can execute
Gauss-Newton iterations as follows to obtain an estimate of
the target position,

alt = af — (MY) " @l

(35)

Up to this point, we have derived the entire DDL method
using average consensus. At its core, each sensor node gen-
erates intermediate information 1\7[;1 and w; through a local-
ized iterative estimation process. These intermediate pieces
of information are then shared with the neighboring nodes
using an averaging consensus strategy. Once a consensus is
reached, the target position estimation is complete utilizing
the local iterative process. The flowchart of the proposed DDL
algorithm is shown in Fig. 2.



TABLE I
SYSTEMATIC COORDINATE PARAMETERS

Label Location (m) Label Location (m)
Node 1 2.3) Node 5 (10,18)
Node2  (18,18)  Node 6 (17,2)
Node 3 (3,10) Node 7 (10,12)
Node 4  (15,10)  Node 8 (12,6)
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Fig. 3. Conceptual diagram of the consensus process in a decentralized multi-
sensor system, where the red circles represent the target position estimates
generated by different sensors in various consensus rounds. The blue lines
connecting the sensors represent the communication link between the two
nodes. Note that each node can only communicate with its one-hop neighbors.

V. PERFORMANCE ASSESSMENT

In this section, some numerical simulations are performed
to examine the performance of the proposed DDL method.
Consider a decentralized localization network composed of
8 sensor nodes as shown in Fig. 3. The coordinates of the
sensor nodes are listed in Table I, and the unknown radiation
source is located at (7.5,4.5) m. As mentioned earlier, the
entire system is assumed to be synchronized. The sensor emits
a linear frequency modulated continuous wave signal with a
transmission bandwidth of 40 MHz and a sampling rate of 320
MHz. The false alarm rate is set as Py, = 1072, During the
execution process of the PSO algorithm in the initialization
determination process, the acceleration coefficients 4 and hy
are both selected as 2.05 [8]. Inserting them into (29) yields
H = 0.7298. The root mean square error (RMSE) is used as
the performance metric for individual sensor localization. The
RMSE of the estimator 8 = [£,§] " is defined as

RMSE(é)z\/ é |-+ 0i-07], 66
where [xi,yi]T represents the true position of the target in the
ith experiment, [£;, )?i]T is the estimated position of the target,
and E denotes the number of experiments. The results are
obtained by averaging over 1,000 Monte Carlo realizations.
The average localization error is adopted as the performance
metric for the decentralized system. As a comparison, we
designate the traditional grid-search-based centralized direct
localization method as “centralized ML”.
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Fig. 4. Variations in the localization performance against the number of
iterations at different sensor nodes.

Figure 3 illustrates the consensus process of the proposed
DDL algorithm. In the figure, we can observe the evolution
of the position estimates of each sensor node as the algorithm
iterates. It is noteworthy that all sensors follow trajectories
approaching the centralized solution. As the number of con-
sensus rounds increases, the estimates of sensors converge
increasingly towards the same (centralized ML) solution.

Figure 4 shows the variation in the localization performance
of individual sensor nodes over iteration cycles. It can be
observed that the localization performance of nodes in decen-
tralized networks is not only related to the distance between
nodes and targets but also to the number of neighbors and
the distance between neighbors and the target. Specifically,
when the number of iterations is small, the more neighbors
a node has and the closer it is to the target, the better its
localization performance is. With the gradual increase of the
number of iterations, the influence of the number of neighbors
is reduced, and basically the smaller the distance, the better the
performance. When the number of iterations is sufficient, the
localization performance of each sensor gradually improves
and converges to a steady state. Furthermore, the localization
performance of each sensor is very similar, demonstrating a
steady-state performance.

In Fig. 5, in order to compare the localization performance
of the proposed DDL method and the centralized ML method,
we introduce the measure of average localization error, which
is defined as follows

1 N
Average Localization Error = ZZIL: |RMSE, (0), (37)

where RMSEZ(é) represents the localization error of the /th n-
ode, as defined by (36). It can be observed that, although there
is some performance difference between the DDL method and
the centralized ML method in the initial consensus stages,
as the number of consensus rounds increases, the localization
performance of the proposed DDL method gradually converges
to that of the centralized ML method. This indicates that, in
the absence of FC participation, the proposed DDL method
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Fig. 5. Average localization error of the proposed DDL method and the
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can achieve performance comparable to the centralized direct
localization method. Additionally, it can be observed that as
the number of sensors participating in consensus increases,
the localization performance of the decentralized system also
improves accordingly.

VI. CONCLUSION

To address the issues of high communication load and
poor robustness in centralized direct localization methods, we
developed a decentralized direct localization method. Each
sensor first employs the Gauss-Newton method locally to
obtain iterative estimates of the target position. Through infor-
mation exchange with neighboring sensors and by employing
a consensus approach, comparable performance to centralized
direct localization methods was achieved. Our simulation
results validated the effectiveness of the proposed method,
indicating that it not only enhances the robustness of the
system but it also reduces the communication load.
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