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Abstract—Incorporating error correcting coding techniques
into target localization provides an immediate advantage that
existing decoding algorithms can be used to determine which area
the target is most likely located in. The important knowledge of
exact sensor positions is, however, ignored in these decoding algo-
rithms. This letter revisits the problem and shows that based on
the weighted average of sensor positions with binary weightings
from local decisions, a newly proposed decoding criterion can
achieve a much better accuracy in target localization than the
soft- and hard-decision rules particularly when a certain number
of sensors are under Byzantine attacks.

Index Terms—Target localization, wireless sensor networks,
error correcting codes, byzantines, quantizer design.

I. INTRODUCTION

TARGET localization in wireless sensor networks (WSNs)
has become an important task due to the growing

demand for surveillance of certain regions of interest (ROIs).
Numerous localization techniques have been shown to per-
form well under various scenarios [1]–[5]. For example,
time of arrival based techniques, e.g., [2] and [3], pro-
vide a reliable localization result but require highly syn-
chronized sensors. Alternatively, localization techniques using
analog measurements such as the received signal strength
(RSS) [4], [5] are attractive due to their low energy con-
sumption and cost-effective deployment but often lead to less
reliable performance.

In 2014, an efficient iterative classification framework for
target localization was proposed in [1]. With an elaborately
devised error correcting code, it subdivides the ROI into
multiple regions, each of which is associated with a codeword.
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The most likely region that the target lies in is then determined
via a decoder at the Fusion Center (FC), and becomes the ROI
in the next iteration. As such, the ROI, where the target is
located in, is reduced in size iteratively. The center of the final
ROI is regarded as the estimate of target location. It has been
shown in [1] that an intuitive design of local thresholds for
the quantization of local measurements ensures an asymptoti-
cally vanishing misclassification error (in number of sensors)
and the proposed iterative classification framework can effi-
ciently zoom to the target location by successfully excluding
irrelevant candidate regions at each iteration. When a practi-
cal WSN with a finite number of sensors is considered, it was
discovered in [6] that the intuitive threshold design is only
sub-optimal and localization performance can be significantly
improved by a better design that minimizes a misclassification
error bound derived therein.

The decision rules in [1] and [6] only consider the local
observations from sensors. The important information of
exact sensor positions that is actually known to the FC is
not exploited. This leads to the contribution of this letter,
where a new soft metric that incorporates the exact sensor
positions into the estimate of target location is derived. The
idea is to first provide an initial estimate of target location
using the weighted average of sensor positions with binary
weightings from local decisions. Then, the region that the
target lies in can be determined based on the a posteriori
probability given that the target was at the initially estimated
location, which is optimal if the initial estimate is exact. Since
the proposed soft metric is equivalent to compensating the
decision rules in [1] and [6] with multiplicative weightings
and additive offsets, its implementation complexity can be
considered comparable to those in [1] and [6]. Simulation
results confirm that the new soft metric can achieve a much
more accurate estimate of target location than the legacy
hard- and soft-decision rules in [1] and [6], particularly in
the presence of Byzantine attacks [7].

The rest of this letter is structured as follows. Section II
introduces the system model and problem formulation.
Section III derives the soft metric and Section IV presents
the simulation results. Finally, Section V concludes this letter.

II. PRELIMINARIES

A. System Model

Denote the target location in a 2-dimensional Cartesian
plane by θ � (x, y), which is assumed to be uniformly dis-
tributed over the ROI.1 Similarly, denote by θi = (xi, yi) the
position of the ith sensor for 1 ≤ i ≤ N, and assume that this

1Throughout this letter, both θ and (x, y) are used to denote the target
location. As a convention, underlined letters denote vectors; boldface letters
such as ui and u = (u1, u2, . . . , uN ) respectively denote random variables and
random vectors; and non-boldface letters such as ui and u = (u1, u2, . . . , uN )

are their realizations.

2162-2345 c© 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

https://orcid.org/0000-0002-9213-2419
https://orcid.org/0000-0002-3592-1681


WEI et al.: TARGET LOCALIZATION USING SENSOR LOCATION KNOWLEDGE IN WSNS 457

information is known to the FC. There are a total of N sensors
deployed in the ROI R of the WSN.

Since the target is generally mobile and a low frequency
beacon signal could be used for a cost-economic system, the
target-sensor links may be time-varying and also experience
rapid RSS fluctuations over a travel distance of few wave-
lengths long. The so-called small-scale fading is accordingly
considered in the target-sensor links in addition to the usual
large-scale fading [8].2 The signal captured by the ith sensor
is therefore modeled by

si = giai + ni for i = 1, 2, . . . , N,

where gi denotes a unit-variance Rayleigh distributed fading
attenuation, ai is the beacon signal propagated from the target,
and ni is the noise experienced during the sensing operation
and can be characterized as a zero-mean Gaussian random
variable with variance σ 2. The signal amplitude ai follows a
power decay model as a function of the distance between the
target and the sensor:

a2
i = GP0

(
d0

dE(θ, θi)

)n

for i = 1, 2, . . . , N, (1)

where the log-normal distributed G reflects the random
shadowing effect, dE(θ, θi) �

√
(x − xi)2 + (y − yi)2 is the

Euclidean distance between the target and the ith sensor, and
P0 is the power measured at reference distance d0 = 1.
Since the shadowing effect is imperceptible in a free space
environment, G = 1 and n = 2 are assumed in this letter.

Due to limited resources, sensors are assumed to only send
binary decisions to the FC. The binary decision made by the
ith sensor is given by ui = 1{si > ηi}, where 1{·} denotes
the set indicator function, and ηi is the local threshold used
by the ith sensor, for which a near-optimal design has been
elaborated in [6].

The noisy wireless link between the ith sensor and the
FC [10], [11] could be modeled as

vi = hi(−1)ui
√

Eb + wi, (2)
where hi denotes the unit-variance Rayleigh distributed fading
attenuation of the wireless link, Eb is the energy required to
transmit one sensor bit, and wi is the additive Gaussian noise
with mean zero and variance σ 2

w.

B. Problem Formulation

We first recapitulate the notations from [1]. The ROI R k−1

decided at the previous iteration is subdivided equally into L
non-overlapping regions, denoted as R k

1 , R k
2 , . . ., R k

L , where
superscript k = 1, 2, . . . , K indexes the iteration. The number
of sensors involved at the kth iteration is thus equal to Nk �
N/Lk−1. A binary codeword ck

� = (ck
�,1, ck

�,2, . . . , ck
�,Nk

) that
follows the design in [1] is associated with region R k

� for � =
1, 2, . . . , L, where ck

�,j = 1 if θj ∈ R k
� , and ck

�,j = 0, otherwise.
After receiving vk = (vk

1, vk
2, . . . , vk

Nk
) from the sensors, the FC

calculates their corresponding log-likelihood ratios as ξ k
i =

log [f (vk
i = vk

i |uk
i = 0)/f (vk

i = vk
i |uk

i = 1)], i = 1, 2, . . . , Nk,
where f (vk

i |uk
i ) is the probability density function (pdf) for the

Rayleigh fading channel model in (2).
Based on the above framework, the soft-decision decoder

adopted in [1] and [6] decides the region, where the target is
located in, according to

�̂k = arg max
1≤�≤L

Pr(vk|θ ∈ R k
� ) = arg min

1≤�≤L
dE(ξ k, (−1)ck

� ). (3)

2In case the target is an acoustic source as assumed in [5] and [9], the
small-scale fading effect can be neglected.

Alternatively, the minimum Hamming distance fusion rule may
be adopted to determine the most-likely ROI in terms of

�̂k = arg min
1≤�≤L

dH(ûk
, ck

�), (4)

where ûk
i = 1{ξ k

i ≤ 0} is the estimate of uk
i , and ûk =

(ûk
1, ûk

2, . . . , ûk
Nk

), and dH(·, ·) is the Hamming distance. It
is obvious that the decision rules in both (3) and (4) are
only functions of either ξ k or ûk, and do not use the known
information of sensor positions {θ� = (x�, y�)}N

�=1.
A practical question that follows is whether further improve-

ment of target localization accuracy can be obtained by
exploiting {θ� = (x�, y�)}N

�=1 in the fusion rule. An answer
is given by the proposed new soft metric in the next section.

III. A NEW SOFT METRIC FOR ITERATIVE
CLASSIFICATION

A. An Initial Estimate of Target Location θ

Noting that the closer the target is to sensor i, the higher
the probability of ûi = 1, one can infer that the tar-
get is more likely to reside in region R k

J , where J �
arg max1≤j≤L

∑
�∈S k

j
û� is the index of the region that yields

the largest number of 1’s in its respective û�-components, and
S k

j denotes the set of indices of sensors in region R k
j . A simple

initial estimate of target location can, therefore, be given by:

θ̃ = (x̃, ỹ) =
(∑

�∈S k
J

û� · x�∑
�∈S k

J
û�

,

∑
�∈S k

J
û� · y�∑

�∈S k
J

û�

)
. (5)

B. A Soft Metric Derived From Probability-of-Detection
Function

The probability of detection based on (4) is given by∑L
i=1

∫
θ∈R k

i
fθ (θ) Pr(ûk ∈ Dk

i |θ = θ)dθ , where fθ (·) is the pdf

of θ , and {Dk
i }L

i=1 are disjoint partitions on {0, 1}Nk satisfying
that for each uk ∈ Dk

i ,

dH(uk, ck
i ) ≤ min

1≤j≤L, j �=i
dH(uk, ck

j ). (6)

A continuing elaboration from Section III-A is that if the initial
estimate θ̃ is close to θ with high probability, fθ (·) that is often
assumed uniform over R k−1 could be replaced by one with
high probability density near θ̃ . A soft metric can thus be
proposed based on ζ k

i � Pr(ûk ∈ Dk
i |θ = θ̃ ).

Under θ̃ ∈R k
i and negligible sensing/channel imperfections,

ζ k
i is expected to be higher than 1/2; hence,

∑L
j=1 ζ k

j = 1
implies ζ k

i > 1
2 > ζ k

j ∀j �= i, which is equivalent to

λk
i � log

(
ζ k

i

1 − ζ k
i

)
> 0 > λk

j � log

(
ζ k

j

1 − ζ k
j

)
∀j �= i.

Subject to τ k
i � dH(uk, ck

i ) and L > 2, it can also be
anticipated that Nk − 2τ k

i > Nk − 2τ k
j > 0 ∀j �= i holds, based

on which we obtain (τ k
i − 1

2 Nk)λ
k
i < 0 < (τ k

j − 1
2 Nk)λ

k
j ∀j �= i.

A new soft metric (τ k
i − 1

2 Nk)λ
k
i for distributed classification

is obtained, which gives a new decision rule as:

�̂k = arg min
1≤�≤L

(
λk

�dH(uk, ck
�) − 1

2
λk

�Nk

)
. (7)

We end this subsection by remarking that for given {θ� =
(x�, y�)}N

�=1, the initial estimate θ̃ is only a function of the
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binary sequence {û�}�∈S k−1 , and so are {ζ k
i }L

i=1 and {λk
i }L

i=1.
It is thus possible to establish a 2Nk -by-L look-up table from
{û�}�∈S k−1 to {λk

i }L
i=1 for the determination of the latter. As

such, the computational effort of the new decision rule is
mainly from the computation of (7) itself. In comparison
with the legacy hard-decision fusion rule in (4), the newly
proposed decision rule only requires additional L additions and
2L multiplications, yet simulations show that a much better
performance in target localization can be achieved.

C. Approximation of ζ k
i

ζ k
i � Pr(ûk ∈ Dk

i |θ = θ̃ ) depends on the statistics of sens-
ing noises {nj}j∈S k−1 , propagation fading {gj}j∈S k−1 , channel
fading {hj}j∈S k−1 and channel noises {wj}j∈S k−1 , and hence, its
derivation, although theoretically possible, could be a numeri-
cal burden. A simple approximation of ζ k

i based on the union
inequality is thus derived in this subsection. For simplicity,
both superscript and subscript k that index the iteration will
be omitted in the derivation below.

Let N sensors be equally distributed over regions R1, R2,
. . ., RL, and assume N̄ � N/L is an integer. From (6), βi �
1 − ζi = ∑L

j=1,j �=i ζj can be expressed as:

βi = Pr
(

û /∈ Di
∣∣θ = θ̃

)

= Pr
( ⋃

1≤j≤L,j �=i

{
dH(û, ci) ≥ dH(û, cj)

}∣∣∣θ = θ̃
)

= Pr
( ⋃

1≤j≤L,j �=i

{ N∑
�=1

û� ⊕ ci,� ≥
N∑

�′=1

û�′ ⊕ cj,�′
}∣∣∣θ = θ̃

)
,

where “
⋃

” denotes the OR logical inference for events and
“⊕” is the binary XOR operation. Since ci,� = cj,� = 0 for
� �∈ Si∪Sj, ci,� = 1−cj,� = 1 for � ∈ Si, and cj,� = 1−ci,� = 1
for � ∈ Sj, we have

N∑
�=1

û� ⊕ ci,� ≥
N∑

�′=1

û�′ ⊕ cj,�′ ⇐⇒
∑
�∈Si

û� ≤
∑
�′∈Sj

û�′ .

By noting that {Xi �
∑

�∈Si
û�}L

i=1 are independent given θ =
θ̃ , an upper bound on βi is derived as follows:

βi = Pr
( ⋃

1≤j≤L,j �=i

{
Xi ≤ Xj

}∣∣∣θ = θ̃
)

≤
L∑

j=1,j �=i

Pr
(

Xi ≤ Xj

∣∣∣θ = θ̃
)

=
L∑

j=1,j �=i

N̄∑
m=0

Pr
(

Xi = m
∣∣θ = θ̃

)
Pr

(
Xj ≥ m

∣∣θ = θ̃
)

≤
L∑

j=1,j �=i

N̄∑
m=0

Pr
(

Xi = m
∣∣θ = θ̃

)E[etjXj |θ = θ̃ ]

etjm
(8)

=
L∑

j=1,j �=i

E[e−tjXi |θ = θ̃ ] E[etjXj |θ = θ̃ ]

=
L∑

j=1,j �=i

∏
�∈Si

(
q� + (1 − q�)e

−tj
) ∏

�′∈Sj

(
q�′ + (1 − q�′)etj

)

≤
L∑

j=1,j �=i

(
q̄i + (1 − q̄i)e

−tj
)N̄ (

q̄j + (1 − q̄j)e
tj
)N̄ (9)

where (8) holds for arbitrary positive {tj}L
j=1 because of

Markov’s inequality, q̄i � (1/N̄)
∑

�∈Si
q� with q� � Pr(u� =

0|θ = θ̃ ) for 1 ≤ � ≤ N, and (9) follows from Jensen’s
inequality. When q̄i < q̄j, we obtain that

min
tj>0

(q̄i + (1 − q̄i)e
−tj)(q̄j + (1 − q̄j)e

tj)

=
(√

q̄iq̄j + √
(1 − q̄i)(1 − q̄j)

)2
, (10)

where the minimum is achieved by taking tj = (1/2) log [(1−
q̄i)q̄j]/[(1 − q̄j)q̄i]. However, when q̄i ≥ q̄j for some j �= i,
mintj>0 (q̄j + (1 − q̄j)e−tj)(q̄i + (1 − q̄i)etj) is equal to 1 and
therefore substituting (10) into (9) can no longer form an upper
bound to βi. Nevertheless, regardless of the order of q̄i and
q̄j, numerical examinations indicate that at medium-to-high
signal-to-noise ratios, the desired ζi and its approximation

ζ̃i � min

{
max

(
1

(L − 1)

L∑
j=1

β̃j − β̃i, 0

)
, 1

}
(11)

can lead to mostly the same decision in (7),3 when taking

β̃i �
L∑

j=1,j �=i

(√
q̄iq̄j + √

(1 − q̄i)(1 − q̄j)
)2N̄

.

Therefore, ζ̃i can be used as a replacement of ζi to save the
computational effort. Note that unlike ζi that needs to accumu-
late the probabilities of û over an area Di of irregular shape,
ζ̃i is simply the sum of each individual β̃j, which in turn can
be obtained from the average of q� = Pr(û� = 0|θ = θ̃ ). By
[6, Eq. (14)], we can further derive

q� = Pr(û� = 0|θ = θ̃ )

= Pr
(
g�ã� + n� < η�

) ≈ �

(
η� − ã�

σ

)
, (12)

where ã� = √
P0(d0/dE(θ̃ , θ�)), the approximation in (12)

follows from the simplification of g� ≈ 1, and �(·) is the
cumulative distribution function (cdf) of the standard normal
distribution. Identification of the most likely ROI via (7) can
accordingly be conducted more efficiently.

IV. EXPERIMENTAL RESULTS

In this section, simulations results for the newly proposed
soft metric based localization are provided. The setting that we
employ is given below. There are N = 1024 sensors aligned in
a square grid, where the distance between neighboring sensors
is equal to 1 meter. Three iterations are performed. At each
iteration, the size of the ROI is reduced by a factor of L = 4;
thus, after three iterations, iterative classification at the FC will
report which 4 × 4 region the target is most likely located in.

According to (1), the sensing signal-to-noise ratio (SNR)
for the radiating target is equal to γrad � P0/σ

2. Likewise,
it can be obtained from (2) that the SNR for the Rayleigh

3Approximation (11) can be justified by ζi = 1−βi = 1
(L−1)

∑L
j=1 βj −βi.

Since 1
(L−1)

∑L
j=1 β̃j − β̃i may be either negative or larger than one when

sensing and channel imperfection is serious, a simple clipping operation is
adopted to simplify the computations.
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Fig. 1. Region detection probabilities for iterative classification.

Fig. 2. MSE performances for the proposed soft metric.

faded wireless links between the sensors and the FC is given
by γw � Eb/σ

2
w, which is fixed as 5 dB in our simulations.

Without loss of generality, both P0 and Eb are set to be 1. The
local thresholds {ηi}N

i=1 are taken from [6]. Also investigated
are the performances of the new soft metric under Byzantine
attacks, where α fraction of sensors are randomly picked
to send faulty data to the FC by flipping their local binary
decisions [7].

Observe from Figs. 1 and 2(a) that the newly proposed soft
metric considerably improves the performance of soft-decision

(see (3)) and hard-decision (see (4)) iterative classifications
proposed in [1] and [6]. For example, at γrad = 20 dB,
the newly proposed soft metric has nearly 10% improve-
ment in region detection probability (RDP) in comparison
with the soft-decision fusion rule under α = 0, 10% and
20%. More improvement can be observed when the newly
proposed soft metric based and the hard-decision based local-
ization rules are compared. Additionally, by using the center
of the final 4 × 4 region as the final estimated target location,
the newly proposed soft metric can achieve 5 and 36 (m2)
mean square error (MSE) improvement when it is compared
with the soft-decision fusion rule under no Byzantine attack
and with α = 20% Byzantine sensors, respectively.

Lastly, we demonstrate the impact of θ̃ (equiv. ã� in (12))
on localization accuracy in Fig. 2(b), along with the MSE of a
maximum-likelihood estimator (MLE) [1, Eq. (4)] as a bench-
mark. Our results suggest that under α = 0, the simple initial
estimate in Section III-A performs close to the computationally
intensive MLE when sensing SNR≥ 20.

V. CONCLUSION

In this letter, a new soft metric that incorporates the impor-
tant information of exact sensor positions was proposed.
With a manageable incremental complexity, a much better
performance than that of the legacy soft- and hard-decision
rules that do not employ the sensor location knowledge can
be obtained, particularly when a certain number of sensors suf-
fer Byzantine attacks. Our results show the significant impact
of the sensor location knowledge on the performance of target
localization even when a certain number of unreliable local
measurements exist.
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