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Abstract—Location determination is an essential component in
large sensor networks. In those types of networks, sensors are
data centric, and hence, the location of each sensor is critical.
Furthermore, the need for a cost-effective means for sensor
localization eliminates a variety of options including GPS. In
this paper, we use particle filters for estimating the location of
sensors assuming a noisy Rayleigh fading channel. Simulation
results show that the algorithm converges to approximatelytwo-
meter error range.

I. I NTRODUCTION

In recent wireless sensor networks technology, localization
of both mobile and stationary nodes gained a lot of interest
[1]–[14]. Over the past few years researchers have investi-
gated a variety of localization approaches which differ based
on environment, cost, computational capabilities, etc. These
approaches may be classified into few key subgroups such
as indoor environment [5], [10], [14] or outdoor environment
[4], [9] and calibration-free techniques [1], [14] or calibration-
based techniques [5]. In addition, there are key methods used
for any of the above subgroups or a combination thereof.
RF-based methods for sensor localization are very popular
because radio-frequency is employed in a faded channel,
angle-of-arrival (AOA) [6], [10], time-of-arrival (TOA),time-
difference-of-arrival (TDOA) [11], [12] and received-signal-
strength (RSS) [1]–[3], [7]–[9], [13], [14].

Due to the proliferation of wireless transmitters with re-
ceived signal strength indicators, The use of RF-based ap-
proaches provide a cost effective approach. On the other hand,
other approaches, e.g., TOA, TDOA and AOA approaches
need special hardware, such as synchronization devices and/or
smart antennas [13], [14], hence, costing more.

In RF-based approaches, e.g. [1]–[3], [8], [9], [12]–[14],
there is a direct proportion between the RSS and the distance
between the transmitter and receiver nodes, and through tri-
angulation the location may be determined. The main issue in
RF channels is the channel fading effects that distort the signal
making it very challenging to determine the distance (see
Figure 1). The most realistic scenario for small-scale channel
fading is when there is no direct line-of-sight component
present in the received signal that is called Rayleigh fading
[1]–[3], [7]–[9]. In this paper, we propose a calibration-free
RF-based method to localize sensor nodes using particle filters

and the RSS between mobile (anchor) and sensor nodes.
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Fig. 1: Example of received power through noisy Rayleigh
fading channel

In [1] we have presented an approach using importance
sampling (also known as particle filters) that is capable of
localizing nodes assuming Rician channel. In this paper we
present an importance sampling approach to localization that
uses received power prediction to tackle Rayleigh fading chan-
nels. Moreover, we design a received power level prediction
algorithm. In our system we assume the use of a number of
moving nodes, will be referred to as anchor nodes, with some
computational capability that are used to localize stationary
sensor nodes.

This paper is organized as follows. Our proposed approach
is introduced in Section II. The channel model used in the
simulation is discussed in Section III. The prediction algorithm
used to predict the channel variation is presented in Section IV.
In Section V, particle filter is introduced and our localization
algorithm is developed. Results are provided in Section VI
followed by conclusion in Section VII.

II. PROPOSEDAPPROACH

In our research we assume the use of very small sensor
with limited computational capabilities along with anchor
nodes (e.g. autonomous mobile robots) that have much higher
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processing power. The motion of the anchor nodes will proof
beneficiary in overcoming the channel limitations. Given this
environment, the sensor nodes will transmit to the anchor
nodes. The anchor nodes will measure the received signal
strength and proceed with the localization algorithm that will
be discribed shortly.

III. CHANNEL MODEL

In a typical mobile-radio situation, there is a relative move-
ment between the transmitter and the receiver. This movement
is usually in such a way that the direct line between them
may be obstructed. Therefore, the mode of propagation of the
electromagnetic energy from the transmitter to the receiver
will be largely by way of scattering, either by reflection
from flat sides of the buildings or by diffraction around such
buildings. Due to the relative motion between the transmitter
and receiver, Doppler shift is introduced. Clarke’s model [15]
deduced the statistical characteristics of the fields and signals
in the reception of radio frequencies by a receiver from a
scattering propagation model. The random received signal
envelope has a Rayleigh distribution given by

p(r) =

{

r
σr

exp
(

− r2

2σ2
r

)

(0 ≤ r ≤ ∞),

0 (r < 0),
(2)

whereσr is the rms value of the received voltage signal, and
r(t) is the complex envelope of the received signal.

For wideband fading channel, the baseband impulse re-
sponse of the channel havingL resolvable taps [16] is

h(t) =
L

∑

l=1

ξ(d, α, η)βlδ(t− τl) exp(jθl), (3)

where ξ(d, α, η) is a factor due to large-scale fading over
the link between the transmitter and the receiver,βl is the
magnitude of thelth path of the small-scale fading channel
response at timeτl, andθl is phase shift of thelth path relative
to the0th path and is uniformly distributed between 0 and2π.
ξ(d, α, η) is defined as

ξ2(d, α, η) = d−α10η/10, (4)

where d is the distance between the transmitter and the
receiver,α is the path loss exponent andη is the shadowing
variable which is a normally distributed variable with zero
mean and varianceσ2

s . Assuming the communication channel
is of the form given in Equation (3) the average received power
is given by

pr(n) = Gpt, (5)

where G is the communication link and is defined as
ξ
2

(d, α, η)
∑L

l=1
βl

2

, andpt is the transmission power.

IV. RECEIVED POWER PREDICTION

Taking advantage of the known spatial correlation of the
received power we can derive a linear predictor that uses the
past values to predict the future change of the channel. Since
variations of β̄ in Equation (5) is much faster compared to
the other terms, we will concentrate on estimating it. Further,
since large-scale fading varies much slower than small-scale
fading, over a short period of time, it will be assumed constant.
Consequently, we will estimateG using the autocorrelation of
β2 [17].

Assuming that we haveN observations of received power,
pr, we can design a linear estimator that is optimal in the
mean-square-sense as shown below.

p̂r(t + 1) =

N
∑

i=1

hipr(n− i), (6)

wherep̂r is the prediction ofpr, hi is computed as shown in
(1) [18] and

Rβ2(τ) = 1 + J2

0
(2πfmdτ), (7)

whereJ0(·) is the zero-order Bessel function of the first kind.

V. PARTICLE FILTER

The system may be modeled using discrete-time state-space
representation. Usingxt

j as the system state at timet, which
represents a column vector of the relative distances between
sensor nodej and each of the anchor nodes. The measurement,
y

t
j , represents the received signal strengths at each of the

anchor nodes from sensor nodej. The system model may
be written as

x
t
j ∼ Pj(x

t
j |x

t−1

j ,nt−1

j ), (8)

and
y

t
j ∼ Pj(y

t
j |x

t
j ,v

t
j), (9)

where Pj(x
t
j |x

t−1

j ,nt−1

j ) is the probabilistic state-transition
density function,nt−1

j is the covariance of zero-mean process
noise, Pj(y

t
j |x

t
j ,v

t
j) is probabilistic measurement function

representing the propagation channel andv
t
j is the measure-

ment noise. Our aim is to estimate recursively in time the
posterior distributionp(x0:t

j |y
1:t
j ) using particle filters.

Similar to Kalman filtering [19], the idea behind particle
filtering [20] [21] is to estimate the state of a given system and
track this state as it evolves over time. However, in contrast
to Kalman filtering, the state of the system might follow a
multi-modal, non-Gaussian probability density function (pdf).



In particle filters, each sample (also known as particle) may
be described by

{st
i(j), πt

i(j); i = 1, . . . , N t; t = 1, . . . , ∞}, (10)

where s
t
i(j) and πt

i(j) represent particlei at time t and its
weight, respectively, such that

Nt

∑

i

πt
i(j) = 1, (11)

whereN t represents the number of particles and the super-
script t indicates that the number of particles may vary over
time. Each particlest

i(j) represents the state of sensorj at
time t with probabilityπt

i(j). In our localization algorithm, the
state of each sensor node is defined as a vector representing
the relative distances between sensor nodej and each of the
actuator (anchor) nodes.

The propagation of the particles over time follows the state-
transition model of (8), and hence, the particles are generated
according to

s
t
i(j) ∼ N (xt−1

j ,nt−1

j ), (12)

wherePj(x
t
j |x

t−1

j ,nt−1

j ) = N (xt−1

j ,nt−1

j ) .
The initialization of the algorithm to localize nodej, is as

follows.

1) A guess of the sensor locationy0

j is obtained by using
a two dimensional uniform random number generator.

2) The initial set of particless0

i (j) is generated using a 2D
uniform distribution in the known area where the sensors
are located

We then use the prediction algorithm in the process of esti-
mating the next received power level and use this information
in the evaluation algorithm of each particle. The particle
evaluation algorithm is as follows

1) A prediction of the next received power, att + 1, is
obtained based on (6).

2) Estimate of the small-scale fading value at time instance
t + 1

β̂(t + 1) = p̂r(t + 1)/p̄r, (13)

wherep̄r is the mean of the received powerpr.
3) As the motion of the anchor nodes is known the distance

between all of the particles and the anchor nodes are
known. Using these distances an estimate of the next
received power based on the new position of each anchor
node and the location of the particles is computed as
follows

p̂j(n + 1) = β̂(t + 1)d
−1/α
ik , (14)

wheredik is the distance between particlei and anchor
nodek.

4) Get new value of received power from anchor nodek,
compute the absolute value of the error between the
received power and the estimated power at each particle
as shown below

Eik = |p− p̂|. (15)

5) Using a triangulation algorithm an estimate of the sensor
position is made by using the mean ofp̂ corresponding
to the particle with the minimum median of the error
given above.

6) The inverse of the error between this estimate and the
particle location is used as the importance weight to
estimate the initial densitŷp(s0

i (j)).
The main loop of the algorithm works in a similar fashion. At
each time step, an estimate of the node locationy

t
j is computed

using the triangulation algorithm. A new set of particless
t
i(j)

is generated according to (12) wherent−1

j is adaptive noise
covariance. This selection step eliminates the particles having
low importance weights and multiplying particles having high
importance weights [20]. At each time stept, the node location
is updated as shown in (16)

x
t
j =

Nt

∑

i=1

πt
i(j) s

t
i(j). (16)

To summarize, the algorithm simply iteratively eliminates
particles that exhibit high error with respect to the observed
positiony

t
j and samples more of the particles that consistently

exhibit low error. Following is a pseudo-code of the localiza-
tion algorithm.

ALGORITHM: LOCALIZE SENSOR(j)

1) Initialization

• Compute the initial node locations using the received signal strength and triangulation.
• Samples0

i ∼ p̂(s0

i ); i = 1, . . . , N0, wherep̂(s0

i ) is a Gaussian probability density function.

2) Importance sampling step

• For i = 1, . . . , Nt, samplest
i(j) ∼ N (xt−1

j ,nt−1

j ),
• For i = 1, . . . , Nt, evaluate the importance weights.
• Normalize the importance weights.

3) Selection step

• Resample according to importance weights.
• Set t← t + 1 and go to step 2.



(a) Iteration 1 (b) Iteration 2

(c) Iteration 20 (d) Iteration 94

Fig. 2: Snapshots of the simulation at different iterationsusing 4 anchor nodes



TABLE I: Mean of distance error for various noise levels
Noise variance 3 anchor nodes (m) 4 anchor nodes (m)

0.01 2.7476 1.9963

0.05 2.5885 2.0097

0.10 2.6440 2.0697

0.15 2.6771 2.0837

0.20 2.6139 2.0721

TABLE II: Variance of distance error for various noise levels
Noise variance 3 anchor nodes (m) 4 anchor nodes (m)

0.01 0.43334 0.23434

0.05 0.40130 0.23498

0.10 0.41605 0.26605

0.15 0.41630 0.25832

0.20 0.40296 0.24563

VI. SIMULATION AND RESULTS

In order to demonstrate our algorithm several simulations
have been designed. A random motion scenario is created
where the nodes move in a random direction till they reach the
edge of the simulation area then change to another random. A
Rayleigh fading channel is implemented based on [22] using
a Doppler shiftfm = 20.

Snapshots of the simulation and convergence of the particles
is shown in Figure 2. The simulation was run for three, four
and five anchor nodes. In order to get good statistical data,
each simulation is run 100 times. The distance error for each
of the cases of three, four and five anchor nodes is shown
in Figure 3. These results are compared with the case when
no particle filters is used and the received power is averaged.
Tables I and II shows the mean and variance of the errors. It
is important to point out that the variations shown in the table
are very small even though the variance of the noise has been
increased. This is attributed to the particle filters.

VII. CONCLUSION

Localization is a very critical problem in sensor networks.
Several approaches are available to determine the location
of the sensor nodes. Most of these algorithms require extra
hardware resulting in higher costs which is not feasible for
large networks. Due to advances in wireless technologies,
most wireless transceivers provide received signal strength
indicators. Consequently, developing RF-based localization
algorithm provide a cost effective approach. On the other hand,
due to the fast fluctuations in the propagation channel due to
large- and small-scale fading, RF-based localization is very
challenging.

In this paper we have presented a RF-based localization ap-
proach using particle filters. It was shown through simulation
that localization with three anchor nodes results in an average
error of approximately 2.5m and 2m using five anchor nodes.
Furthermore, due to the use of particle filters the increase in
the channel noise variance does not affect the results.
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