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Abstract—Location determination is an essential component in and the RSS between mobile (anchor) and sensor nodes.
large sensor networks. In those types of networks, sensorgea
data centric, and hence, the location of each sensor is ciitil. o
Furthermore, the need for a cost-effective means for sensor
localization eliminates a variety of options including GPS In )
this paper, we use patrticle filters for estimating the locatn of n
sensors assuming a noisy Rayleigh fading channel. Simulati ‘ n
results show that the algorithm converges to approximatelyjtwo-
meter error range.
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I. INTRODUCTION

received power

In recent wireless sensor networks technology, locabizati *
of both mobile and stationary nodes gained a lot of interest 4, |
[1]-[14]. Over the past few years researchers have investi-
gated a variety of localization approaches which differdoths | 1
on environment, cost, computational capabilities, etceseh
approaches may be classified into few key subgroups suchw ‘ ‘ ‘ ‘ : . . .
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as indoor environment [5], [10], [14] or outdoor environnhen time (sec)
[4], [9] and calibration-free techniques [1], [14] or calition- Fig. 1: Example of received power through noisy Rayleigh
based techniques [5]. In addition, there are key methodd usgding channel
for any of the above subgroups or a combination thereof.
RF-based m(_athods for sensor IocaIizati_on are very popular, [1] we have presented an approach using importance
because radio-frequency is employed in a faded channglmpling (also known as particle filters) that is capable of
angle-of-arrival (AOA) [6], [10], time-of-arrival (TOA)time-  |ocalizing nodes assuming Rician channel. In this paper we
difference-of-arrival (TDOA) [11], [12] and received-sigl- resent an importance sampling approach to localizatian th
strength (RSS) [1]-(3], [7]-[9], [13], [14]. uses received power prediction to tackle Rayleigh fadiraneh
Due to the proliferation of wireless transmitters with renels. Moreover, we design a received power level prediction
ceived signal strength indicators, The use of RF-based gfjgorithm. In our system we assume the use of a number of
proaches provide a cost effective approach. On the othet,hagoving nodes, will be referred to as anchor nodes, with some
other approaches, e.g., TOA, TDOA and AOA approach@gmputational capability that are used to localize statipn
need special hardware, such as synchronization devicésrandensor nodes.
smart antennas [13], [14], hence, costing more. This paper is organized as follows. Our proposed approach
In RF-based approaches, e.g. [1]{3], [8], [9], [12]-[14]is introduced in Section II. The channel model used in the
there is a direct proportion between the RSS and the distarg@ulation is discussed in Section I1I. The prediction aitjon
between the transmitter and receiver nodes, and through {fed to predict the channel variation is presented in Setto
angulation the location may be determined. The main issuejfiSection V, particle filter is introduced and our localipat

RF channels is the channel fading effects that distort yeasi a|gorithm is developed. Results are provided in Section VI
making it very challenging to determine the distance (segllowed by conclusion in Section VII.

Figure 1). The most realistic scenario for small-scale clehn

fading is when there is no direct line-of-sight component Il. PROPOSEDAPPROACH

present in the received signal that is called Rayleigh fadin In our research we assume the use of very small sensor
[11-[3], [7]-[9]. In this paper, we propose a calibratiore¢ with limited computational capabilities along with anchor
RF-based method to localize sensor nodes using partid@desfiltnodes (e.g. autonomous mobile robots) that have much higher
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processing power. The motion of the anchor nodes will progn;here G is the_2communicati0n link and is defined as
beneficiary in overcoming the channel limitations. Giversth¢ (d, «, 1) Zle 08;, andp, is the transmission power.

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 thdt w  1aking advantage of the known spatial correlation of the
be discribed shortly. received power we can derive a linear predictor that uses the

past values to predict the future change of the channeleSinc
I11. CHANNEL MODEL variations of 5 in Equation (5) is much faster compared to

In a typical mobile-radio situation, there is a relative raev the other terms, we will concentrate on estimating it. Ferth

ment between the transmitter and the receiver. This moveméﬁ(;?e Iarge-scarl1e fadmg (;/a?gs ml_Jch_”slgwer than jmalbsca
is usually in such a way that the direct line between theffding. overf\s ort PITHO  ortime, it Wlh eassumel c_onSta;
may be obstructed. Therefore, the mode of propagation of tﬁgnsequenty, we will estimat€ using the autocorrelation o
electromagnetic energy from the transmitter to the receivé [17]. ) . .

Assuming that we havéV observations of received power,

will be largely by way of scattering, either by reflection desi ¥ i hat i imal in th
from flat sides of the buildings or by diffraction around suchr we can design a linear estimator that Is optimal in the

buildings. Due to the relative motion between the trangmittMean-square-sense as shown below.

and receiver, Doppler shift is introduced. Clarke’s moddd][ N

deduced the statistical characteristics of the fields agolad$ Prt+1)=> " hipe(n—i), (6)
in the reception of radio frequencies by a receiver from a i=1

scattering propagation model. The random received signeherep, is the prediction of,., h, is computed as shown in

IV. RECEIVED POWER PREDICTION

envelope has a Rayleigh distribution given by (1) [18] and
* exp (_F) (0 <7< o0), , Rga (1) = 1 + JG (27 fnaT), (7)
plr) = 0 (r <0), @ whereJy(-) is the zero-order Bessel function of the first kind.
whereo, is the rms value of the received voltage signal, and V. PARTICLE FILTER
r(t) is the complex envelope of the received signal. The system may be modeled using discrete-time state-space
For wideband fading channel, the baseband impulse representation. Using§- as the system state at tinmewhich
sponse of the channel havidgresolvable taps [16] is represents a column vector of the relative distances betwee
I sensor nodg and each of the anchor nodes. The measurement,
h(t) = Zf(d a, Bt — ) exp(6y) 3) y§, represents the received signal strengths at each of the

anchor nodes from sensor nodge The system model may
be written as

where £(d, a,m) is a factor due to large-scale fading over xt ~ Py(xt[xt " 0t (8)
the link between the transmitter and the receivér,is the ! R

magnitude of thdth path of the small-scale fading channefnd

response at time;, andd; is phase shift of théh path relative Y§ ~ P (y§|x§., V;')v ©)

to theOth path a_md is uniformly distributed between 0 ahd |, here P, (x§|x?*1, ni~!) is the probabilistic state-transition
£(d, o, m) is defined as oo

density functionn;™ " is the covariance of zero-mean process
€2(d, o, m) = d=*10"/1°, (4) hoise, P;(yjlx},v;) is probabilistic measurement function
representing the propagation channel arjdis the measure-
where d is the distance between the transmitter and th&ent noise. Our aim is to estimate recursively in time the
receiver,a is the path loss exponent amdis the shadowing posterior distributiorp(x}*[y;*) using particle filters.
variable which is a normally distributed variable with zero Similar to Kalman filtering [19], the idea behind particle
mean and variance;. Assuming the communication channefiltering [20] [21] is to estimate the state of a given systemd a
is of the form given in Equation (3) the average received powgack this state as it evolves over time. However, in comtras
is given by to Kalman filtering, the state of the system might follow a
pr(n) = Gp, (5) multi-modal, non-Gaussian probability density functiquuf).
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In particle filters, each sample (also known as particle) may
be described by

{st(4), mt(); i=1, ...

wheresst(j) and 7!(j) represent particle at time ¢ and its
weight, respectively, such that

Nt
}:ﬁm:L

where N represents the number of particles and the super-
script ¢ indicates that the number of particles may vary over
time. Each particlesl(j) represents the state of sengoat
time ¢ with probability ! (5). In our localization algorithm, the
state of each sensor node is defined as a vector representing
the relative distances between sensor npadmd 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 géedra
according to

3)

, Nt t=1, .. (10)

1) 00}7

(11)

4)

5)

t— 6)
YRR

si(j) ~ N(x

where P;(x}x/~" n’ ™) = N(x} 7! !

1 tfl)
3

(12)

wherep, is the mean of the received powgr.

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 R

pi(n+1) = Bt + 1)d;, "/, (14)

whered;;, is the distance between particleand anchor
nodek.

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

Eix = |p—pl. (15)

Using a triangulation algorithm an estimate of the sensor
position is made by using the mean @torresponding

to the particle with the minimum median of the error
given above.

The inverse of the error between this estimate and the
particle location is used as the importance weight to
estimate the initial density(s?(j)).

The initialization of the algorithm to localize node is as The main loop of the algorithm works in a similar fashion. At
follows. each time step, an estimate of the node locagipis computed
1) A guess of the sensor locatigr] is obtained by using USing the triangulation algorithm. A new set of particigé))
a two dimensional uniform random number generatoriS generated according to (12) when¢™" is adaptive noise
2) The initial set of particles?(j) is generated using a 2D covariance. This selection step eliminates the partictadny

uniform distribution in the known area where the sensof@W importance weights and multiplying particles havingthi
are located importance weights [20]. At each time stghe node location

We then use the prediction algorithm in the process of esﬁ-ulOda1teOI as shown in (16)
mating the next received power level and use this infornmatio
in the evaluation algorithm of each particle. The particle
evaluation algorithm is as follows

1) A prediction of the next received power, &t 1, is To summarize, the algorithm simply iteratively eliminates
obtained based on (6). particles that exhibit high error with respect to the observ
2) Estimate of the small-scale fading value at time instang@sitiony’, and samples more of the particles that consistently
t+1 exhibit low error. Following is a pseudo-code of the localiz
tion algorithm.

Nt
xt =" wl(4) si()- (16)
=1

Bt +1) =pr(t+1)/pr, (13)

ALGORITHM: LOCALIZE _SENSORY)

1) Initialization

« Compute the initial node locations using the received digtrangth and triangulation.

o Samples? ~ p(s?);i =1,..., No, wherep(s?) is a Gaussian probability density function.
2) Importance sampling step

o Fori=1,...,N;, samples!(j) ~ N(x;~",n}™),

o« Fori=1,..., Ny, evaluate the importance weights.
« Normalize the importance weights.
3) Sdection step

« Resample according to importance weights.
o Sett «+— t+ 1 and go to step 2.
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TABLE |: Mean of distance error for various noise levels 3 anchor noces

5 anchor nodes --------

Noise variance|| 3 anchor nodes (m)| 4 anchor nodes (m o particle fiter
0.01 2.7476 1.9963 T ]
0.05 2.5885 2.0097
0.10 2.6440 2.0697 _er 1
0.15 2.6771 2.0837 <
0.20 2.6139 2.0721 . Wb |

TABLE IlI: Variance of distance error for various noise level 2 i e R e o et
Noise variance|| 3 anchor nodes (m)| 4 anchor nodes (m
0.01 0.43334 0.23434 ° 1‘0 2‘0 3‘0 z;o ;0 éo 7‘0 éo S;D 100
0.05 0.40130 0.23498
0.10 0.41605 0.26605 Fig. 3: Distance error results using particle filters with43,
0.15 0.41630 0.25832 5 anchor nodes, and using no particle filters with 4 anchor
0.20 0.40296 0.24563 nodes.
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