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ABSTRACT In this paper, a discrete version of weighted centroid localization algorithm (dWCL) is proposed
for a wireless-sensor-network-based indoor positioning system. Under this architecture, a wireless device
can estimate its own position based on the location information of connected wireless sensor nodes in the
network. Unlike other weighted centroid localization algorithms, dWCL classifies the sensor nodes into
a number of groups and assigns them weights taken from a set of discrete values. With the weighting
function and the range information decoupled, the dWCL framework is flexible to adjust its performance in
accordance with the requirements. Its capability to generalize some existing weighted centroid localization
algorithms is also demonstrated. In addition, the performance of dWCL is characterized by the error
distribution in terms of accuracy and precision. Further enhancement is achieved by optimizing the system
parameters. Finally, the simulation results are presented to validate the proposed scheme and analytical
framework.

INDEX TERMS Weighted centroid localization, indoor positioning systems, wireless sensor network, error
analysis, optimization.

I. INTRODUCTION
Accurate and reliable indoor positioning system (IPS) is an
integral part of many real-world applications. Indoor naviga-
tion, for instance, can guide people to their desired locations
within buildings.

GPS [1] is one of the most well known location systems in
the world, but it is unsuitable for IPS. Partly due to its high
initial setup cost, but more importantly, it targets primarily
for outdoor use. Its accuracy drops significantly in densely
built areas, and the system may even fail indoors. As a result,
a number of alternative technologies and systems have been
developed for indoor positioning over the years. One preva-
lently adopted technology in IPS is radio frequency (RF),
including WiFi, ZigBee, Bluetooth, cellular [2], [3]. On the
other hand, non-RF systems make use of cameras [4], inertial
measurements, earth’s magnetic field, ultrasound signals and
so forth [3], [5].

Among all available technologies, we consider IEEE
802.15.4-based wireless sensor network (WSN) a promising
candidate to support IPS. Due to the need for ubiquitous
sensing and the rapid development of Internet of Things (IoT)
technology nowadays, it is conceivable that large scaleWSNs

will be widely available in the near future [6], [7]. As such,
we envisage an underlyingWSN infrastructure that aids wire-
less devices for positioning. Under this architecture, when
a wireless device (Target node) with an unknown position
enters a sensor field, it sends out a request to the WSN. Upon
receiving the request, the sensor nodes shall reply with their
location information to the Target, which then computes its
own position with some localization algorithms.

In this paper, we present a discrete version of Weighted
Centroid Localization algorithm (dWCL) for localization.
Note that in dWCL, the span of received signal strength (RSS)
from the sensor nodes are divided into a number of levels,
each of which is assigned a weight taken from a finite set of
discrete values. On the contrary, the weights in the original
Weighted Centroid Localization algorithm (WCL) [8] and
its subsequent variants (e.g. [9]) assume continuous values.
Consequently, the theoretical performance analysis [10] is
developed based on the same assumption. However, elec-
tronic devices nowadays are mainly digital. For example,
a popular WSN transceiver TI CC2430 represents the RSS
as an 8-bit number [11]. This mismatch may jeopardize the
quality of the analysis.
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Based on the proposed framework, the performance of
dWCL is characterized in terms of error distribution. Two per-
formance metrics, namely accuracy (ε) and precision (α),
are used to gauge the effectiveness of dWCL. ε denotes the
error in the location estimation while α indicates the success
probability of achieving the specific accuracy [12], [13].
By decoupling the weighting function from the range infor-
mation, dWCL offers the flexibility to adjust its performance
in accordance with the requirements.

The main contributions of this paper are threefold as
follows.

1) We propose dWCL for localization in consideration of
the digital format of electronic devices. The presented
algorithm also provides the flexibility to accommodate
different performance requirements.

2) An analytical framework is developed to characterize
the performance of dWCL in terms of localization error
distribution.

3) In order to further enhance dWCL, two optimization
approaches are formulated to determine the optimal
system parameter values.

The remainder of the paper is organized as follows. The
next section overviews the related works in localization.
Section III introduces the model of the proposed dWCL and
the convergence of dWCL to existingWCL-based algorithms
is highlighted in Section IV. Section V presents the analytical
framework for dWCL and two optimization approaches are
described in Section VI. Numerical evaluations and simula-
tion results for validation are shown in Section VII. Finally,
Section VIII closes the paper with some concluding remarks.

II. RELATED WORKS
Depending on the usage of range information, localization
algorithms for WSNs can be broadly classified into two
categories—range-based and range-free.

Range-based algorithms require measurement of range
(distance or angle) information between nodes for localiza-
tion. As radio signals attenuate when they travel in air, RSS
can be used to infer the distance. With the knowledge of
traveling speed of a signal in air, it is also possible to estimate
the distance between two nodes bymeasuring the propagation
time of a radio or ultrasound signal [14]. This technique is
referred to as time of arrival (TOA), and is adopted inGPS [1].
A variation of TOA, which employs two different types of
signals, is known as time difference of arrival (TDOA) [15].
In systems using angle of arrival (AOA), e.g. [16], nodes
measure the relative angles between neighboring nodes. Once
the range information is available, sensor nodes can perform
localization with techniques such as multilateration or trian-
gulation [17].

On the other hand, range-free schemes aim to avoid rang-
ing measurement and sophisticated computation, and per-
form localization based on connectivity information, i.e.
‘‘who is within communications range of whom’’ [18], only.
In [19], a dense grid of anchor nodes is employed to beacon
their positions continually. An unknown node then estimates

its position as the centroid of the anchors from whom it
can receive the beacons. APIT [20] is another well-known
example. Numerous triangles are formed by using differ-
ent combinations of anchors as the vertices, and the center
of the overlapping area is taken as the estimated location.
In DV-hop [21], anchors flood the network with their posi-
tions. Unknown nodes then estimate their distances from
the anchors and eventually compute their own positions.
A similar scheme is adopted in [22]. The main difference
is that communications range is used as the average hop
distance in the estimation of distances between nodes. In [18],
a relative map of nodes is built using multidimensional scal-
ing technique.

Weighted centroid localization algorithms can be consid-
ered the hybrid of range-based and range-free localization
algorithms. Blumenthal et al. propose the first WCL [8] that
generalizes the Centroid Localization algorithm (CL) [19]
by introducing a weight, which is a function of the RSS,
to each anchor. Instead of a static weighting function, [23]
employs an extra step to identify subregions in which differ-
ent weighting functions can be pre-determined. Behnke and
Timmermann [24] also suggest normalizing the link quality
indicator (LQI) value before applying WCL. Laurendeau and
Barbeau [9] propose two different weighting schemes, lin-
early (RWL) or exponentially (REWL), based on the relative
span of RSS in order to improve WCL. Furthermore, authors
in [25] compare three different weighting strategies forWCL,
and conclude that the choice of weighting function is a critical
factor of localization accuracy.

Regarding the performance, Wang et al. [10] present an
analytical framework for RWL. The effects of several param-
eters, such as node density and shadowing variance, are stud-
ied. However, the derived closed-form expression is based on
a known topology of anchor nodes. Pivato et al. [26] analyze
the accuracy of WCL and REWL using measured data. The
errors are broken down into two parts which are caused by
the algorithm and by the measurement respectively. They
conclude that the former is usually negligible compared with
the latter. However, when the number of anchors increases,
the algorithmic error is shown to be significant.

III. SYSTEM MODEL
Under the envisaged architecture of an underlying WSN
infrastructure, a network of wireless sensor devices, or simply
sensor nodes, are assumed to be available in some operational
areas. By leveraging the recent development of IoT tech-
nology, widespread wireless connectivity among devices is
becoming a reality. As such, it is unlikely that their locations
would form a grid-like or any other well-defined regular
topologies. Instead, a random distribution would be a more
reasonable description of their deployed locations. Further-
more, the sensor nodes are assumed to have already acquired
their own location information with some self-localization
techniques as described in [27] and [28]. The rest of the
section states other underlying assumptions, and presents the
model of the proposed dWCL algorithm.
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A. INDOOR RADIO MODEL
Indoor path loss can be predicted using log-normal shadow-
ing model [29]. The receiving power, Pr (d), at a distance d
from a transmitter can be expressed as

Pr (d) = SPr (d)+ s
SPr (d) = Po − 10n log10(d/do) (1)

where s is the shadow fading loss and characterized by
s ∼ N (0, σ 2

s ). The reference power, Po, is the average
received power measured at a reference distance, do, from
the transmitter. The parameters n and σs are the path loss
exponent and the location variability respectively, and are
environment-dependent.

For two wireless nodes to communicate successfully, the
receiving power must exceed some threshold, Pth, as pre-
scribed by the transceivers on the sensor nodes. For instance,
when one node is transmitting at distance d from another
node, the two are said to be connected if Pr (d) ≥ Pth. The
probability of a successful connection between the two is
therefore

Pr[2 sensor nodes are connected]

= Pr[Pr (d) ≥ Pth]

=
1
2
−

1
2
erf
(
Pth − SPr (d)

σs
√
2

)
. (2)

Furthermore, it is assumed that all sensor nodes are
equipped with identical receivers and transmitting at the same
power level PT . As mentioned earlier, in practice, the receiv-
ing power, also known as RSS in RF hardware specifications,
is often expressed in the form of integer values. Since there
is usually a linear mapping between receiving power and
RSS [11], Pr and RSS will be used interchangeably in the
following text.

B. RSS LEVELS
One important difference between the proposed dWCL and
the original WCL [8] is that in dWCL, the span of RSS from
the sensor nodes are divided into a number of levels, and
each of the levels is assigned a weight taken from a finite
set of discrete values. More specifically, the overall span of
RSS, i.e. from the threshold, Pth, to the transmitting power,
PT , is divided intoM non-overlapping levels as illustrated in
Fig. 1. The boundaries of these RSS levels are defined by the
variables γi for i = 1, . . . ,M . As a result, the ranges of the

FIGURE 1. M non-overlapping RSS levels defined over the overall span of
RSS.

M levels are:

Level i : [γi, γi+1)

Level M : [γM ,PT ) (3)

Without loss of generality, γ1 assumes the value of Pth.

C. LOCATION ESTIMATION
In this work, the sensor nodes of the underlying WSN
are assumed to be deployed on a 2-dimensional x, y-plane,
although the proposed dWCL can easily be extended to a
3-dimensional space. As such, let the position of the jth node
be represented by 2-dimensional coordinates (xj, yj). Further-
more, although the sensor nodes can acquire their positions
with some self-localization techniques, the location informa-
tion may not be always perfect. That is, there may exist an
error between one node’s apparent position and its actual
position. For this, one can write

x ′j = xj + ξj,x (4)

for node j, where x ′j is the apparent x-coordinate, xj the real
x-coordinate and ξj,x the error. This error is often modeled
with a Gaussian distribution, i.e. ξj,x ∼ N (0, σ 2

ξ ), where σξ is
the standard deviation of error in the sensor node location
information.

Let us consider the Target node which is able to establish
communications with a number of sensor nodes. The receiv-
ing power, or the RSS, corresponding to these transmissions
can be predicted using (1). Furthermore, RSSk is used to
denote the RSS from sensor node k . According to the value
of RSSk , sensor node k falls into one of the M RSS levels as
defined in (3).

Let us further define Si as the set of sensor nodes of RSS
level i, and |Si| as the cardinality of set Si. All sensor nodes in
set Si are associated with a weight wi. Generally, one would
assign a larger weight to sensor nodes with higher RSS, as
they should have greater influence on the position estimation.
In other words, a reasonable weighting scheme would have to
satisfy the inequality wi ≤ wi+1.
Based on the location information of all connected sensor

nodes, the Target node can estimate its own x-coordinate
using

x̂ =

∑
i
∑

j∈Si wix
′
j∑

i wi|Si|
. (5)

The y-coordinate of the Target node can also be obtained in a
similar fashion.

IV. RELATION TO OTHER WCL ALGORITHMS
The proposed dWCL generalizes weighted centroid localiza-
tion algorithms. It should be highlighted that the CL algo-
rithm [19] is in fact a special case of dWCL withM = 1, and
its performance analysis can be found in the authors’ earlier
work [30].

With regard to other WCL-based algorithms, it can be
shown that dWCL is able to approximate the Relative Span
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Weighted Localization (RWL) [9] by choosing the parameter
values judiciously. Assuming a linear mapping between the
weights and the RSS values relative to the overall RSS span,
RWL estimates the position as the weighted centroid of all
connected sensors. One can easily see that if vmin = γ1
is assumed and the weights are assigned according to the
equality wi = γi − γ1, dWCL converges to RWL in the
limiting case, i.e. when M →∞.

V. PERFORMANCE ANALYSIS
Since dWCL estimates the position of the Target node
using (5), the localization error distribution of dWCL in terms
of accuracy (ε) and precision (α) is completely characterized
by the distribution of x̂. This section presents the analytical
framework with which one can evaluate the performance
of dWCL.

A. COVERAGE AREA
Let Ro be the nominal range that satisfies the equality
SPr (Ro) = Pth. In other words, from a distance Ro, there
is a 50% chance that the Target node and a sensor node
are connected. Let us further define a circular region D of
radius R around the Target node. When R is large enough, the
probability of the Target node being able to connect with any
sensor node outside of D is virtually 0, i.e.

Pr [Pr (R) ≥ Pth] ≈ 0 as R→∞.

However, due to practicality and computational considera-
tion, a large but finite value for R has to be selected. For a
Gaussian distribution, the probability of exceeding 4 stan-
dard deviations from the mean is effectively 0 (<0.003%).
The value of R hence can be computed using

Pth −SPr (R)
σs

= 4. (6)

Let this value of R define the effective range, and it is related
to the nominal range by

R = Ro10 0.4σs/n. (7)

In a related work [29], U (γ ) represents the percentage
of area within D that has a RSS equal to or greater than a
threshold γ . In a similar fashion and based on [30], Ui is
defined as the percentage of area within D that has a RSS
equal to or greater than a threshold γi, and it has the following
form:

Ui =
1
πR2

∫∫
D
Pr [Pr (r) ≥ γi] dA

=
1
2

{
1− erf(ai)+ exp

(
1− 2aib

b2

)
×

[
1− erf

(
1− aib

b

)]}
(8)

where

ai = (γi − Pr (R)) /
√
2σs,

b = 10n log10 e/
√
2σs,

and dA in (8) is an incremental area for integration.

B. ACCURACY AND PRECISION
The justification of describing the deployed locations of the
wireless sensor nodes with random distribution is given in
Section III. Let us discuss the statistical properties of their
locations relative to that of the Target node. Without loss
of generality, the Target node is assumed to be placed at
the center of the area and hence its coordinates are (0, 0).
In the following, only the analysis for the x-coordinates
is shown, as that for the y-coordinates is independent and
identical.

Following [30], the expectation of x-coordinates of sen-
sor nodes of RSS level i, µi, can be shown to be
equal to

E [Xi] =
1
Ai

∫∫
D
x Pr [γi+1 ≥ Pr (r) ≥ γi] dA = 0 (9)

where Ai is the area in D that has a RSS within the range of
RSS level i, and

Ai =

{
πR2 (Ui − Ui+1) if i < M ,
πR2UM if i = M .

(10)

Furthermore, the variance of x-coordinates of sensor nodes
of RSS level i, σ 2

i , can be computed as follows. For
i = 1, . . . ,M − 1,

Var [Xi] = E
[
X2
i

]
=

1
Ai

∫∫
D
x2 Pr [γi+1 ≥ Pr (r) ≥ γi] dA

=
R2

8(Ui − Ui+1)

{
erf (ai+1)− erf(ai)

+ exp
(
4− 4aib

b2

)[
1− erf

(
2− aib

b

)]
− exp

(
4− 4ai+1b

b2

)[
1− erf

(
2− ai+1b

b

)]}
.

(11)

And the variance for level M is given by

Var [XM ] = E
[
X2
M

]
=

1
Ai

∫∫
D
x2 Pr [Pr (r) ≥ γM ] dA,

=
R2

8UM

{
1− erf(aM )+ exp

(
4− 4aMb

b2

)
×

[
1− erf

(
2− aMb

b

)]}
. (12)

The number of sensor nodes of RSS level i is equal
to |Si|, which is in fact a Poisson random variable (RV),
i.e. |Si| ∼ Po(λi), where

λi =

{
ρπR2 (Ui − Ui+1) if i < M ,
ρπR2UM if i = M ,

(13)

and ρ is the sensor node density.
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1) GAUSSIAN APPROXIMATIONS
With the variables defined above, (5) can be rewritten as
follows.

x̂ =

∑
i
∑

j∈Si wi(xj + ξj,x)∑
i wi |Si|

,
N
D
. (14)

By this definition, x̂ is a ratio of two RVs, N and D, which
can be approximated as Gaussian RVs with the following
properties:

E [N ] = µN = 0

Var [N ] = σ 2
N =

M∑
i=1

w2
i λi(σ

2
i + σ

2
ξ )

E [D] = µD =
M∑
i=1

wiλi

Var [D] = σ 2
D =

M∑
i=1

w2
i λi (15)

The approximation method for the ratio distribution of two
Gaussian RVs proposed by Hayya et al. [31] allows us to
simplify (14) into

x̂ ∼ N (0, σ 2
N /µ

2
D). (16)

2) ERROR DISTRIBUTIONS
The distribution of localization error in terms of ε and α of
dWCL can be derived using (16). The 1-dimensional error
is
∣∣x̂∣∣, and hence it follows a half-normal distribution.1∣∣x̂∣∣ ∼ HN (σN /µD) . (17)

Moreover, since the sensor nodes are assumed to be ran-
domly deployed, their x- and y-coordinates are i.i.d. As a
result, the distribution of total (2-dimensional) error, r̂ , fol-
lows the corresponding Rayleigh distribution:

r̂ ∼ Rayleigh (σN /µD) . (18)

VI. OPTIMIZATION OF dWCL
While the previous section describes the general framework
to analyze the proposed dWCL, it also shows that the local-
ization error of dWCL is determined by the variance in (16).
Let us denote it by σ 2

dWCL , and

σ 2
dWCL =

∑M
i=1 w

2
i λi

(
σ 2
i + σ

2
ξ

)
(∑M

i=1 wiλi
)2 . (19)

In this work, we endeavor to optimize dWCL by minimizing
σ 2
dWCL . Two different optimizing approaches are described

below. For the sake of brevity, the subscript dWCL of σ 2
dWCL

is dropped in the following derivations whenever possible.

1Let X ∼ N
(
0, σ 2

)
, then Y = |X | follows a half-normal distribution

HN (σ ), whose CDF is given by FY (y) = erf
(

y
√
2σ

)
.

A. OPTIMIZING BY WEIGHTS
The first and most intuitive way to optimize dWCL is by
setting the best weighting factors for each RSS level. In other
words, given the range of theM RSS levels, or the RSS level
boundary vector γ , one seeks the optimal value for the weight
vector w such that (19) is minimized. With the construction
of (19), one can assume wM = 1 and consider w1, . . . ,wM−1
only without affecting the solution.

With calculus, it can be shown that the gradient with
respect to each weight wi is

∂σ 2

∂wi
=

2λi(∑
m wmλm

)3
[(∑

k

wkλk

)
wi(σ 2

i + σ
2
ξ )

−

∑
`

w2
`λ`(σ

2
` + σ

2
ξ )

]
. (20)

For ∂σ
2

∂wi
= 0, it requires that(∑

k

wkλk

)
wi(σ 2

i + σ
2
ξ )−

∑
`

w2
`λ`(σ

2
` + σ

2
ξ ) = 0. (21)

Rearranging, this gives

wi(σ 2
i + σ

2
ξ ) =

∑
` w

2
`λ`(σ

2
` + σ

2
ξ )∑

k wkλk
. (22)

In other words, one solution exists when all wi(σ 2
i + σ

2
ξ ) are

equal. Denoting the solution byw∗, one can also establish the
following condition

w∗i
wM
=
σ 2
M + σ

2
ξ

σ 2
i + σ

2
ξ

(23)

for the component w∗i at the critical point.
To identify the nature of the critical point, the Hessian

matrix H
[
σ2
]
of (19) is investigated, and its diagonal ele-

ments are

H
[
σ2
]
i,i

=
2λi(∑

m wmλm
)6

(∑

m

wmλm

)3

×

[(∑
k

wkλk + wiλi

)
(σ 2
i + σ

2
ξ )− 2wiλi(σ 2

i + σ
2
ξ )

]

−3λi

(∑
m

wmλm

)2 [(∑
k

wkλk

)
wi(σ 2

i + σ
2
ξ )

−

∑
`

w2
`λ`(σ

2
i + σ

2
ξ )

]}
. (24)

Since w∗ is chosen according to (21), (24) can be further
simplified into

∂2σ 2

∂w2
i

=
2λi(σ 2

i + σ
2
ξ )
(∑

k wkλk − wiλi
)(∑

m wmλm
)3 . (25)
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Letting C = wi(σ 2
i + σ

2
ξ ), (25) can be rewritten as

∂2σ 2

∂w2
i

=
2λi(∑

m wmλm
)3
[
(σ 2
i + σ

2
ξ )
∑
k

wkλk − λiC

]
.

(26)

On the other hand, the off-diagonal elements of the Hessian
matrix are

H
[
σ2
]
i,j

=
2λi(∑

m wmλm
)6

(∑

m

wmλm

)3

×

[
wiλj(σ 2

i + σ
2
ξ )− 2wjλj(σ 2

j + σ
2
ξ )
]

−3λj

(∑
m

wmλm

)2 [(∑
k

wkλk

)
wi(σ 2

i + σ
2
ξ )

−

∑
`

w2
`λ`(σ

2
i + σ

2
ξ )

]}
. (27)

Similarly, it can be further simplified into

∂2σ 2

∂wiwj
=
−2λiλjC(∑
m wmλm

)3 . (28)

For the cases of M = 2 and 3, it can be shown
that the Hessian matrices are positive-definite at w∗

(see Appendix A). Hence w∗, with its components being

w∗i =
σ 2
M + σ

2
ξ

σ 2
i + σ

2
ξ

, (29)

is the local minimum for (19).
For larger M , however, analytical proof is unavailable,

but one can easily verify the positive-definiteness of the
correspondingHessianmatrix numerically. Alternatively, one
can formulate the problem as an unconstrained minimization
problem (P1):

(P1) min
w
σ 2
dWCL (30)

and solve it with optimization packages, e.g. MATLAB or
CPLEX.

B. OPTIMIZING BY LEVEL BOUNDARIES
The second approach tries to optimize the performance of
dWCL by finding the optimal boundaries of the RSS levels,
i.e. γ ’s or the vector γ . Assuming the weight vector w is
given, it can be formulated as a constrained minimization
problem.

(P2) min
γ
σ 2
dWCL

s.t. γ1 < γ2 < . . . < γM (31)

Note that, γ1 = Pth is assumed in the system model.
Hence one needs to consider γ2, . . . , γM only. The inequal-
ity constraints in (31) can be converted into the following

canonical form:
γ2 γ3 0 0 . . . 0
0 γ3 γ4 0 . . . 0
...

...
...

...
. . .

...

0 0 0 . . . γM−1 γM

 < 0.

VII. NUMERICAL RESULTS AND SIMULATIONS
In this section, the performance of the proposed dWCL algo-
rithm is evaluated using the analytical framework described
in Section V. In particular, the effects of the number of
RSS levels M , node density ρ, shadow fading σs and sensor
node location information error σξ on the error distribution
of dWCL are investigated. The results are validated with
corresponding simulations. Furthermore, it is demonstrated
that dWCL can converge to other WCL algorithms, and the
results of optimizing dWCL are also shown.

TABLE 1. Simulation parameters.

Table 1 lists the values of the parameters used across all
analyses and simulations. The values of n and σs are adopted
from a measurement study in an office environment [32].
do is the close-in reference distance. Ro and Pth are set
according to typical IEEE 802.15.4 transceivers. Further-
more, the size of simulation area is chosen to be large enough
(�2R) such that border area effect [33] is not affecting the
results. Within the simulation area, the sensor nodes are
randomly deployed, and their quantities are determined by
the node density ρ. Unless stated otherwise, the simulation
results presented here are evaluated based on the average of
10000 runs.

In this study, the following weighting scheme is adopted:

wi = i (32)

where i is the index of RSS level. Moreover, without loss of
generality, evenly-spaced γi’s are chosen in this case. That is,
their values can be computed according to

γi =
Po − Pth

M
(i− 1)+ Pth. (33)

Note that the choices ofwi’s and γi’s shown here are arbitrary.
In fact, the presented analytical framework can take any
values for both parameters.

A. DISTRIBUTIONS OF LOCALIZATION ERRORS
The investigation starts with the verification that both the
1-dimensional and 2-dimensional localization errors
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computed by dWCL follow the half-normal and Rayleigh
distributions as stated in (17) and (18) respectively.

FIGURE 2. (a) Probability plot and (b) Histogram of 1-dimensional
localization errors computed by dWCL.

In this experiment, the node density ρ is 0.05 and the
number of RSS levels M is assumed to be 5. Samples of
1-dimensional and 2-dimensional localization errors are gen-
erated and collected from simulations. The normal proba-
bility plot and histogram of x̂ of (16) are shown in Fig. 2.
It is clear from the simulation results that x̂ follows a normal
distribution. The 1-dimensional localization error,

∣∣x̂∣∣, is thus
half-normally distributed. Similarly, the 2-dimensional local-
ization error, r̂ , follows a Rayleigh distribution as indicated
in Fig. 3a and Fig. 3b. Further experiments using different
parameter values give the same observation.

FIGURE 3. (a) Probability plot and (b) Histogram of 2-dimensional
localization errors computed by dWCL.

B. EFFECT OF NUMBER OF RSS LEVELS
The effect of the number of RSS levelsM on the performance
of dWCL is investigated in this section. The results for M
equal to 1, 5, 10 and 256 are plotted in Fig. 4. It is clear
from the figures that the predicted error distribution from our
model matches closely with the simulation results in both
1-dimensional and 2-dimensional cases. One also observes
that an increasing M reduces the error in all cases. For
instance, in the 1-dimensional case, the median error for
M = 1 is about 1.8 whereas for M = 256 it is reduced
to 1.3. Almost all errors are within 6 for M = 256 but the
number jumps to 9 in the case ofM = 1 for the 2-dimensional
scenario. This general trend is expected, as a larger M allows
for a finer distinction between sensor nodes with different

RSS, which in turn improves the quality of estimation of
dWCL.

On the other hand, a rapid diminishing returns of improve-
ment occurs as M increases. For example, increasing M
from 1 to 5 results in a sizable improvement in the error
distribution. By comparing M = 10 with M = 256, the
improvement becomes very insignificant. It is therefore not
economical to keep increasing the number of RSS levels M
in the hope of improving the performance of dWCL.

C. EFFECT OF NODE DENSITY
The node density ρ is varied to see what effect it brings to
the error distribution of dWCL. Fig. 5 shows a good agree-
ment between the theoretical and simulation results in all test
cases for both 1-dimensional and 2-dimensional scenarios.
The results also show that the errors reduce quite rapidly as
more sensor nodes are deployed, i.e. ρ increases. Note that
although ρ determines how many sensor nodes are present
within the whole simulation area, the number of sensor nodes
that can connect with the Target node (

∑M
i=M |Si|) is actually

a RV, owing to random node deployment and random shadow
fading. As a result, the number of sensor nodes contributing
to the estimation of position in each simulation instance is
also a RV.

D. EFFECT OF SHADOW FADING
Unlike M or ρ, the level of shadow fading is not control-
lable by the system or users. Instead, it is intrinsic to the
environment that the system is deployed in. Hence it is
important to study the effect of shadow fading on the dWCL.
In here, the level of shadowing σs is varied, and 10 RSS levels
(i.e. M = 10) is assumed for the dWCL. Node density ρ is
set at 0.02 and σξ is fixed at 0. The simulation results are
shown in Fig. 6. When the level of shadowing σs increases,
the error distribution, and hence the performance of dWCL,
worsens. Also note that our theoretical framework is still able
to predict precisely when it is compared with the simulation
results.

E. EFFECT OF SENSOR NODE LOCATION
INFORMATION ERROR
As explained in Section III-C, the sensor nodes in the underly-
ingWSNmay possess imperfect information about their own
positions. These errors in turn affect the prediction of dWCL.
This experiment gives an account of such situation.

In the following simulations, one assumes that the level of
sensor node location information error σξ takes the following
values: 0, 5 and 10. The results are plotted in Fig. 7. It is
evident that dWCL is not very susceptible to sensor node
location information error. As shown in Fig. 7, increasing
σξ only slightly degrades the performance of dWCL. For
example, the 50-percentile error for σξ = 5 is about 2.5 in
the 2-dimensional case and that for σξ = 0 is about 2.3.
Comparing with the effect of shadow fading σs (see Fig. 6),
the impact of σξ is marginal.
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FIGURE 4. Effect of number of RSS levels M when ρ = 0.02 and σξ = 0. (a) 1-dimensional error distribution (b) 2-dimensional
error distribution.

FIGURE 5. Effect of node densities ρ when M = 10 and σξ = 0. (a) 1-dimensional error distribution (b) 2-dimensional error
distribution.

FIGURE 6. Effect of levels of shadow fading σs when ρ = 0.02, M = 10 and σξ = 0. (a) 1-dimensional error distribution
(b) 2-dimensional error distribution.

F. CONVERGING TO OTHER WCL ALGORITHMS
Based on the approximation described in Section IV, the
performance comparison between dWCL and RWL is illus-
trated in Fig. 8. It clearly shows that when increasing the
number of RSS levels M from 5 to 10 and subsequently 50,

the error distribution of dWCL improves and approaches that
of RWL. It is also worth noting that, although M → ∞ is
assumed for convergence, dWCL is already able to give an
excellent approximation to RWL for a moderate value of M ,
say 50.
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FIGURE 7. Effect of sensor node location information error σξ when ρ = 0.02 and M = 10. (a) 1-dimensional error distribution
(b) 2-dimensional error distribution.

FIGURE 8. Comparison between dWCL and RWL when ρ = 0.02 and σξ = 0. (a) 1-dimensional error distribution
(b) 2-dimensional error distribution.

FIGURE 9. σ2
dWCL with different weight vector w when wM = 1. (a) M = 2 (b) M = 3.

G. OPTIMIZING dWCL
1) BY WEIGHTS
It has been shown in Section VI-A that the performance
of dWCL can be optimized by selecting the best weight

(of the weight vectorw) for each RSS level. By varyingw, the
changes of σ 2

dWCL of (19) for M = 2 and M = 3 are plotted
in Fig. 9a and Fig. 9b respectively. Without loss of generality,
one assumes wM = 1 and iterates on w1, . . . ,wM−1 only.
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FIGURE 10. σ2
dWCL with different RSS level boundaries γ when γ1 = Pth. (a) M = 2 (b) M = 3.

Furthermore, the γ ’s are assumed to be evenly-spaced in this
experiment.

As shown, there is an optimum point ofwwhich yields the
smallest σ 2

dWCL in each case. Using (29), one can compute that
w∗ = [0.0323, 1] for M = 2, and σ 2

dWCL = 3.801994. When
M = 3, w∗ = [0.0097, 0.0939, 1] and σ 2

dWCL = 2.804927.
Both w∗ forM = 2 and 3 match the optimal points indicated
in Fig. 9a and Fig. 9b.

Alternatively, one can also use the optimization formula-
tion (P1) in (30) to obtain the w∗. Since the objective function
of (P1) is nonlinear and nonconvex in general (as indicated in
Fig. 9a), one may resort to heuristic techniques. For instance,
the Nelder-Mead simplex algorithm inMATLAB is used, and
the same w∗’s are obtained.

2) BY LEVEL BOUNDARIES
The evenly-spaced RSS level boundaries used in the previous
experiments are arbitrary, and are not required in the ana-
lytical framework. In fact, the second approach to optimize
the performance of dWCL tries to find the optimal vector of
the level boundaries, i.e. γ ∗. Fig. 10a and Fig. 10b show the
resulting variance by varying γ . Note that in Fig. 10b, only
the part above the diagonal line is feasible, as γ2 < γ3 is
assumed. As γ1 = Pth is specified in the system, one iterates
on γ2, . . . , γM only. Similar to the previous section where the
weights are optimized, a clear minimum point exists in either
case.

The minimization problem (P2) in (31) is also readily
solved by existing optimization tools. With MATLAB, one
can easily compute the γ ∗. For instance, when M = 2,
γ ∗ = [−90,−84.5010] and σ 2

dWCL = 5.5155. WhenM = 3,
γ ∗ = [−90,−84.5010,−81.9494] and σ 2

dWCL = 4.7972.
Both γ ∗ match the optimal points indicated in Fig. 10a and
Fig. 10b.

3) OPTIMIZED VALUES
The two aforementioned approaches are able to find either
the optimal weight vector w∗ or level boundary vector γ ∗

respectively that minimizes the variance σ 2
dWCL . While the

system parameters such as M , n, σs,Pth can influence the
optimal solution, the node density ρ does not affect w∗

or γ ∗. Instead, it only affects the resulting variance as
follows.

σ 2
dWCL ∝

1
ρ

(34)

This in turn affects the error distribution of dWCL as indi-
cated in Section VII-C.

VIII. CONCLUDING REMARKS
In this paper, we introduce the discrete version of Weighted
Centroid Localization algorithm (dWCL) for WSN-based
IPS. dWCL is designed to classify the connected wireless
sensor nodes into a number of groups according to their
RSS’s, each of which is assigned with a weight taken from
a set of discrete values, in consideration of the digital format
of electronic devices. By decoupling the weighting function
from the range information, dWCL provides the flexibil-
ity to accommodate different performance requirements. In
addition, the performance of dWCL is characterized by the
1-dimensional and 2-dimensional localization error distribu-
tions in terms of accuracy and precision with erroneous sen-
sor location information incorporated in the proposed frame-
work. Furthermore, two optimization approaches to enhance
the performance of dWCL are formulated to determine the
proper values for the system parameters. Simulation results
are produced to validate the analytical framework. In all
tested cases, the theoretical analysis is able to predict the
effect of various system parameters with high fidelity. For
future work, we plan to study the effects of other stochastic
channel models and multipath reflections on our proposed
framework.

APPENDIX
PROOF OF POSITIVE-DEFINITENESS
OF HESSIAN MATRIX
The Hessian matrix H

[
σ2
]
, when M = 2, is a

scalar and is equivalent to ∂2σ 2

∂w2
1
. From (25), it can be
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shown that

H
[
σ2
]
=

2λ1(σ 2
1 + σ

2
ξ )
(∑

k wkλk − w1λ1
)(∑

m wmλm
)3 > 0.

Therefore H
[
σ2
]
is positive-definite.

When M = 3, the Hessian matrix is

H
[
σ2
]
=


∂2σ 2

∂w2
1

∂2σ 2

∂w1w2

∂2σ 2

∂w2w1

∂2σ 2

∂w2
2

 . (35)

It can be shown that ∂
2σ 2

∂w2
1
> 0. Moreover, rewriting (35)

yields

H
[
σ2
]
=

2(∑
m wmλm

)3H′

where

H′
=

[
λ1s1

(∑
k wkλk

)
− λ21C −λ1λ2C

−λ1λ2C λ2s2
(∑

k wkλk
)
− λ22C

]
,

C = wi(σ 2
i + σ

2
ξ ),

si = σ 2
i + σ

2
ξ .

Since∣∣H′∣∣
=

[
λ1s1

(∑
k

wkλk

)
− λ21C

][
λ2s2

(∑
k

wkλk

)
− λ22C

]
− (−λ1λ2C)2

= λ1λ2s1s2w3λ3

(∑
k

wkλk

)
> 0,∣∣H [

σ2
]∣∣ > 0. Therefore H

[
σ2
]
is also positive-definite.

ACKNOWLEDGMENT
The authors would like to thank the anonymous reviewers for
their valuable comments and suggestions.

REFERENCES
[1] B. H. Wellenhof, H. Lichtenegger, and J. Collins, Global Position-

ing System: Theory and Practice, 4th ed. New York, NY, USA:
Springer-Verlag, 1997.

[2] G. Deak, K. Curran, and J. Condell, ‘‘A survey of active and passive indoor
localisation systems,’’ Comput. Commun., vol. 35, no. 16, pp. 1939–1954,
Jun. 2012.

[3] K. Subbu, C. Zhang, J. Luo, and A. Vasilakos, ‘‘Analysis and status quo of
smartphone-based indoor localization systems,’’ IEEE Wireless Commun.,
vol. 21, no. 4, pp. 106–112, Aug. 2014.

[4] R. Mautz and S. Tilch, ‘‘Survey of optical indoor positioning systems,’’ in
Proc. Int. Conf. Indoor Positioning Indoor Navigat. (IPIN), Sep. 2011.

[5] R. Harle, ‘‘A survey of indoor inertial positioning systems for pedestri-
ans,’’ IEEE Commun. Surveys Tut., vol. 15, no. 3, pp. 1281–1293, 3rd
Quart., 2013.

[6] J. Gubbi, R. Buyya, S. Marusic, and M. Palaniswami, ‘‘Internet of
Things (IoT): A vision, architectural elements, and future directions,’’
Future Generat. Comput. Syst., vol. 29, no. 7, pp. 1645–1660, 2013.

[7] P. Bellavista, G. Cardone, A. Corradi, and L. Foschini, ‘‘Convergence of
MANET and WSN in IoT urban scenarios,’’ IEEE Sensors J., vol. 13,
no. 10, pp. 3558–3567, Oct. 2013.

[8] J. Blumenthal, R. Grossmann, F. Golatowski, and D. Timmermann,
‘‘Weighted centroid localization in zigbee-based sensor networks,’’ in
Proc. IEEE Int. Symp. Intell. Signal Process. (WISP), Oct. 2007,
pp. 1–6.

[9] C. Laurendeau and M. Barbeau, ‘‘Centroid localization of uncooperative
nodes in wireless networks using a relative span weighting method,’’
EURASIP J. Wireless Commun. Netw., vol. 2010, Nov. 2009, Art. no.
567040.

[10] J. Wang, P. Urriza, Y. Han, and D. Cabric, ‘‘Weighted centroid localization
algorithm: Theoretical analysis and distributed implementation,’’ IEEE
Trans. Wireless Commun., vol. 10, no. 10, pp. 3403–3413, May 2011.

[11] CC2430 Datasheet, Texas Instruments, Dallas,TX, USA, 2015.
[12] H. Liu, H. Darabi, P. Banerjee, and J. Liu, ‘‘Survey of wireless indoor

positioning techniques and systems,’’ IEEE Trans. Syst., Man, Cybern. C,
Appl. Rev., vol. 37, no. 6, pp. 1067–1080, Nov. 2007.

[13] Y. Gu, A. Lo, and I. Niemegeers, ‘‘A survey of indoor positioning systems
for wireless personal networks,’’ IEEE Commun. Surveys Tuts., vol. 11,
no. 1, pp. 13–32, Mar. 2009.

[14] C. Wang and L. Xiao, ‘‘Sensor localization under limited measurement
capabilities,’’ IEEE Netw., vol. 21, no. 3, pp. 16–23, May 2007.

[15] A. Savvides, C. C. Han, and M. B. Strivastava, ‘‘Dynamic fine-grained
localization in ad-hoc networks of sensors,’’ in Proc. Annu. Int. Conf.
Mobile Comput. Netw. (MobiCom), Jul. 2001, pp. 166–179.

[16] D. Niculescu and B. Nath, ‘‘Position and orientation in ad hoc networks,’’
Ad Hoc Netw., vol. 2, no. 2, pp. 133–151, Sep. 2004.

[17] S. Pagano, S. Peirani, and M. Valle, ‘‘Indoor ranging and localisation algo-
rithm based on received signal strength indicator using statistic parameters
for wireless sensor networks,’’ IET Wireless Sensor Syst., vol. 5, no. 5,
pp. 243–249, Oct. 2015.

[18] Y. Shang, W. Rumi, Y. Zhang, and M. Fromherz, ‘‘Localization from
connectivity in sensor networks,’’ IEEE Trans. Parallel Distrib. Syst.,
vol. 15, no. 11, pp. 961–974, Nov. 2004.

[19] N. Bulusu, J. Heidemann, and D. Estrin, ‘‘GPS-less low-cost outdoor
localization for very small devices,’’ IEEE Pers. Commun., vol. 7, no. 5,
pp. 28–34, Oct. 2000.

[20] T. He, C. Huang, B. M. Blum, J. A. Stankovic, and
T. Abdelzaher, ‘‘Range-free localization schemes for large scale sensor
networks,’’ in Proc. Annu. Int. Conf. Mobile Comput. Netw. (MobiCom),
Sep. 2003, pp. 81–95.

[21] D. Niculescu and B. Nath, ‘‘DV based positioning in ad hoc networks,’’
Telecommun. Syst., vol. 22, no. 1, pp. 267–280, Jan. 2003.

[22] R. Nagpal, H. Shrobe, and J. Bachrach, ‘‘Organizing a global coordinate
system from local information on an ad hoc sensor network,’’ in Proc.
2nd Int. Workshop Inf. Process. Sensor Netw., Berlin, Germany, 2003,
pp. 333–348.

[23] S. Schuhmann, K. Herrmann, K. Rothermel, J. Blumenthal, and
D. Timmermann, ‘‘Improved weighted centroid localization in smart ubiq-
uitous environments,’’ inProc. Int. Conf. Ubiquitous Intell. Comput. (UIC),
vol. 5061, Jun. 2008, pp. 20–34.

[24] R. Behnke and D. Timmermann, ‘‘AWCL: Adaptive weighted centroid
localization as an efficient improvement of coarse grained localization,’’ in
Proc. 5th Workshop Positioning, Navigat. Commun. (WPNC), Mar. 2008,
pp. 243–250.

[25] A. Mariani, S. Kandeepan, A. Giorgetti, and M. Chiani, ‘‘Cooperative
weighted centroid localization for cognitive radio networks,’’ in Proc. Int.
Symp. Commun. Inf. Technol. (ISCIT), Oct. 2012, pp. 459–464.

[26] P. Pivato, L. Palopoli, and D. Petri, ‘‘Accuracy of RSS-based centroid
localization algorithms in an indoor environment,’’ IEEE Trans. Instrum.
Meas., vol. 60, no. 10, pp. 3451–3460, Oct. 2011.

[27] K. Langendoen and N. Reijers, ‘‘Distributed localization in wireless sensor
networks: A quantitative comparison,’’ Comput. Netw., vol. 43, no. 4,
pp. 499–518, 2003.

[28] G. Mao, B. Fidan, and B. D. O. Anderson, ‘‘Wireless sensor network
localization techniques,’’ Comput. Netw., vol. 51, no. 10, pp. 2529–2553,
2007.

[29] T. S. Rappaport, Wireless Communications: Principles and Practice,
2nd ed. Upper Saddle River, NJ, USA: Prentice-Hall, 2002.

[30] Y. W. E. Chan and B. H. Soong, ‘‘Achievable error bounds on localization
with wireless sensor networks,’’ in Proc. Int. Conf. Wireless Commun.,
Netw. Mobile Comput. (WiCOM), Sep. 2009, pp. 1–4.

VOLUME 4, 2016 6293



Y. W. E. Chan, B.-H. Soong: dWCL: Performance Analysis and Optimization

[31] J. Hayya, D. Armstrong, and N. Gressis, ‘‘A note on the ratio of
two normally distributed variables,’’ Manage. Sci., vol. 21, no. 11,
pp. 1338–1341, Jul. 1975.

[32] N. Patwari, A. O. Hero, M. Perkins, N. S. Correal, and R. J. O’Dea,
‘‘Relative location estimation in wireless sensor networks,’’ IEEE Trans.
Signal Process., vol. 51, no. 8, pp. 2137–2148, Aug. 2003.

[33] R. Behnke, J. Salzmann, R. Grossmann, D. Lieckfeldt,
D. Timmermann, and K. Thurow, ‘‘Strategies to overcome border
area effects of coarse grained localization,’’ in Proc. Workshop Positioning
Navigat. Commun. (WPNC), Mar. 2009, pp. 95–102.

YIU WING EDWIN CHAN (S’12) received the
B.Eng. degree (Hons.) in electrical and electronic
engineering from the University of Auckland,
Auckland, New Zealand, in 2001. He is currently
pursuing the Ph.D. degree with Nanyang Techno-
logical University (NTU), Singapore.

As a Research Engineer with NTU, he joins the
Singapore-Berkeley Building Efficiency and Sus-
tainability in the Tropics Program of the Berkeley
Education Alliance for Research in Singapore, and

has been participating in research projects on intelligent lighting system,
building automation, and smart grid. His current research interests include
localization, wireless sensor networks, and wireless communications.

BOON-HEE SOONG (M’90–SM’04) received
the B.Eng. (Hons.) degree in electrical and
electronic engineering from the University of
Auckland, Auckland, New Zealand, in 1984, and
the Ph.D. degree from The University of Newcas-
tle, Newcastle, NSW, Australia, in 1990.

He is currently an Associate Professor with
the School of Electrical and Electronic Engi-
neering, Nanyang Technological University,
Singapore. His current research interests include

network performance analysis, and mobile and wireless communications.
Dr. Soong was a recipient of the Commonwealth Fellowship Award

in 1999 and the Tan Chin Tuan Fellowship Award in 2004.

6294 VOLUME 4, 2016


