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Abstract

A calibration-free localization algorithm for sensor actuator networks is presented in this paper. The algorithm uses sequential
importance sampling to estimate the location of a number of limited-capability sensors, using the strength of the signals
transmitted from the sensor node to GPS-enabled mobile actuator nodes that work as anchor nodes. Simulation results show
that the algorithm converges to an error range of 1 m in approximately 10 time steps, for very small Rice factors and four anchor
nodes. The algorithm was verified using the Network Simulator NS-2.28.

Keywords: Intelligent sensors; multisensor systems; sensor actuator networks; localization, received signal strength, Monte
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1. Introduction

Scnsor actuator networks have gained a high level of attention
recently, due to technology advances in wireless communica-
tton, sensor design, and robotics. Sensor actuator networks provide a
useful tool for monitoring, surveying, and acting in large areas, and,
consequently, require the deployment of a large number of sensors.
Such a large number of sensors precludes manual deployment,
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configuration, and calibration. Due to these limitations, self
localization is critically important.

The received-signal-strength indicator (RSSI) has attracted a
lot of attention, as it is a standard feature in most radics. RSSI elimi-
nates the need for additional hardware, and, hence, exhibits favor-
able properties with respect to power consumption and size. Despite
the obvious advantages of using RSSI, there is a general skepticism
in the wireless sensor network community. This skepticism is
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Figure 2. Snapshots of the simulation using X =3. The actual locations of the sensor is represented by diamonds with different
colors, and the corresponding particles are represented by dots with corresponding colors. The particle with the best
objective-function value is represented by a star. From left to right and top to bottom (a-f), the plots show iterations 1,2, 3,4, 5, and

10, respectively.
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primarily due to asymmetry in the radio links in older radios. In the
past decade, several short-range wircless technologies have been
developed to answer the demand for portable wireless devices.
Among these is IEEE 802.15.4, which was developed to address the
low-power and low-bit-rate needs of small and embedded devices.
IEEE 802.15.4 is based on direct-sequence spread-spectrum, allow-
ing the radio to reject multipath and interference [1). In[2, 3], the
authors showed that for radios utilizing IEEE 802.15.4, RSS1 was a
promising indicator, and overcame hardware mis-calibration issues
in older radios.

In this paper, we present a calibration-free localization algo-
rithm using sequential importance sampling (particle filters), Qur™
systern is unique in studying the problem of location determination
in the context of sensor actuator networks, where the number of
sensors is much larger than the number of actuators, where actuators
are more capable and mobile, and where having extra hardware is
cost prohibitive. Qur system also uses particle filters to handle the
noisy wireless channel measurements, where the distribution of the
received signal strength might be non-Gaussian and multi-modal,
and to detect outliers.

This paper is organized as follows. Related research is pre-
sented in Section 2. The propagation mode! is covered in Section 3.
An introduction to particle filters, followed by our proposed algo-
rithm, are introduced in Section 4. Simulation and results are pre-
sented in Section 5, and, finally, conclusions are given in Section 6.

2. Related Work

Many location-determination systems have been proposed for
sensor networks. These systems can be categorized as either
anchor-based or anchor-free. Anchor-based techniques, such as
[4-6], depend on using reference points (also known as anchors or
landmarks) the locations of which are known to estimate the loca-
tion of other nodes. On the other hand, anchor-free techniques esti-
mate the focations of nodes relative to each other, without using any
reference points. Generally, anchor-based techniques are more
accurate than anchor-free techniques. Since we propose an
anchor-based algorithm, the rest of this section focuses on
anchor-based techniques.

In [4], Brooks et al. presented a system that used com-
puter-vision techniques to estimate the locations of mobile robots,
and use the robots as anchor points. Two major limitations of the
systemn were that it can only be deployed in an area where an infra-
structure exists, and, secondly, it prohibits targe deployments due to
cost limttations.

Time-of-flight was used in [5] to estimate the range between a
mobile robot and a number of stationary tags. The authors used a
Kalman filter to handle the noisy data. Their approach, however,
required a large number of tags to track a single robot, and was nat
rapidly deployable,

Wi-Fi deployments have been used by a number of groups to
solve the localization problem. In [6-9], Wi-Fi deployments were
used to estimate the sensor locations based on the signal strength.
All of these systems required prior calibration of the area of interest,
and were therefore not rapidly deployable.
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3. Propagation Model

Typically, a non-line-of-sight radio-propagation path exists
between a transmitter and a receiver. Consequently, radio waves
must propagate via reflections, diffraction, and scattering, arriving
at the receiver from many different directions and with different
delays. Such a phenomenon, known as multipath, results in various
levels of distortions to the received signal. Assuming flat fading,
i.e., all frequency components of the received signal are subject to
the same fading, the received band-pass signal can be expressed in
quadrature form as

r(t}=g; (t)cos2m ft —gp(t)sin2n fiz, '

where f, is the center frequency, and g;(f) and gp (¢} are the

in-phase and quadrature components of the received bandpass sig-
nal. As the number of incident waves increases, g, (1) and go (/)

can be treated as Gaussian random processes. If the scattering envi-
ronment has a specular or line-of-sight component, g;(¢) and

g¢(t) become nonzero-mean Gaussian random processes, with

means ny (1} and mg(¢), respectively. Therefore, the received

complex envelope,
g()=g:(+ o) @)

with magnitude & (r) has a Ricean distribution, given by

¢ 2t (¢
pa(c)igexp{— 2;2 }10[‘2}, 20, (3

z
[+
where
zz=m?(1)+mé (t), (4)

o is the standard deviation of g, (z) and gg(r), and fo(¢) is the

modified Bessel function of order zero. Given this model, the Rice
factor [10], which represents the ratio of the specular power to the
scattered power, is given by
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K= ol (5

When K =0, then there is no specular component, and the channel
exhibits Rayleigh fading. On the other hand, when K =<0, then the
channel does not exhibit any fading,

In addjtion to the small-scale fading caused by multipath
propagation, the signal also decays inversely proportionally to the
path length. In this paper, we used the two-ray ground-reflection
model, which considers both the direct path and a ground-reflection
path. Given the two-ray reflection model, the path loss is predicted
by

hn?
Lp{dB) =—1010g10( 2{4" J, (6)
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Figure 3. The average error using three anchor nodes for vari-
ous values of K, as well as the error using the large-scale
propagation model without particle filters. K =3: biue; K =6:
red; K =12: black; K =24; green; the dash-dotted line is for
K =3 with no particle filter. The vertical axis is the error in

meters, from 107! to ]09; the horizontal axis is the iteration
number, from 0 te 100.

Figure 4. The average error using three anchor nodes for vari-
ous values of K. K=3: blue; X =6: red; K =12 : black;
K =124: green. The vertical axis is the error in meters, from 0.5
to 4; the horizontal axis is the iteration number, from 0 to 100.
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Figure 5, The average error for three (purple), four (black), and

five (blue) anchor nodes, using a Ricean factor of 3. The vertical -
axis is the error in meters, from 0.5 to 4; the horizontal axis is

the iteration number, from 0 to 100,
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where 4 is the distance between the transmitter and the receiver, and
h, and h, are the antenna heights of the transmiiter and the receiver,

respectively. In small areas, the large-scale path loss is just inversely
proportional to the distance to the fourth.

4. The Localization Algorithm

The system may be modeled using a discrete-time state-space
representation. x’; will be used as the system state at time ¢, which
represents a column vector of the relative distances between sensor
node ;j and each of the anchor nodes. The measurement, yj-, repre-

sents the received signal strengths at each of the anchor nodes from
sensor node j. The system model may be written as

-1 it
= (3 1577 o)
and
¥y~ (¥ 1), (8)

where pj(xi,-ij o'

LT is the probabilistic state-transition density

1

4 is the covariance of zero-mean process noise,

function, n
P (¥ 1%, ¥%) is a probabilistic measurement function represent-

ing the propagation channel, and vi,- is the measurement noise. Our
aim is to recursively estimate, in time, the posterior distribution
p(ngr | ybf’) , using particle filters.

Similar to Kalman filtering [1 1], the idea behind particle filter-
ing [12, 13] is to estimate the state of a given system and to track this
state as it ¢volves over time. However, in contrast to Kalman

filtering, the stale of the system might follow a multi-modal,
non-Gaussian probability density function (pdf).

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

{S:- (j)!”rg (j); ‘-=1:---,N‘; H =1,..,,oo} , (9)

where s}(/) and mf (f) represent particle i at time ¢ and its weight,
respectively, such that

N.’
27 ()=1, (10)

where N* represents the number of particles, and the superscript ¢
indicates that the number of particles may vary over time. Each

particle s} (j ) represents the state of sensor j at time ¢ with probabil-
ity 7; (/). In our Jocalization algorithm, the state of each sensor

node is defined as a vector representing the relative distances
between sensor node j and each of the actuator {anchor) nodes.

170

The propagation of the paiticles over time follows the
state-transition model] of Equation {7}, and, hence, the particles are
generated according to

: -l -l
st (1)~ (), an
where p;(x] \xftfl,n'j‘l) = _’N(x;._l’nirfl)_

The initialization of the algorithm to localize node f is as fol-
lows:

1. An estimate of the sensor location, yg, is obtained by

using the received signal strength and a trilateration
algorithm, described briefly in the appendix, assuming
that the channel exhibits only large-scale fading.

2. The initial set of particles, s? ( j), is generated using a

two-dimensional normal distribution, centered at the
estimated node location, with a diagonal covariance
matrix the values of which are proportional to the
deployment area. The covariance matrix is assumed
diagonal since there is no correlation between the x and y
coordinates of the node.

3. The inverse of the error between this estimate and the
particle location is used as the importance weight to

estimate the initial density ﬁ[s? (j)] .

The main loop of the algorithm works in a similar fashion. At
cach time step, an estimate of the node location, yi,-, is computed

using the trilateration algorithm. A new set of particles, s; (), is
=
J

noise covariance. This selection step eliminates the particles having
low importance weights, and multiplies particles having high impor-
tance weights [12]. At each time step, ¢, the node location is updated
as shown in Equation (12):

generated according to Equation (11), where n lis the adaptive

Nt
RN ANDINE (12)
i=1

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

tion, vj,
low error. The following is a pseudo-code listing of the localization
algorithm.

and samples more of the particles that consistently exhibit

Algorithm: Localize Sensor ( /)

1. Initialization

» Computer the initial node locations using the received signal
strength and trilateration.

« Sample s?~ﬁ(s?);i=1,...,N0, where ﬁ(s?} is a Gaussian

probability density function.
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2. Importance sampling step
. ) N -1 =
* For i =1,..., N, , sample sf-(])~_‘7\f(xfj 0 I)’
* For i =1,..., NV, evaluate the importance weights.

* Normalize the importance weights.
3. Selection step
* Resample according to importance weights.

*Set t «¢+1 and go to Step 2.

5. Simulation and Results

While the system is scalable to large numbers, in order to test
the proposed algorithm three scenarios, consisting of only seven
stationary nodes in combination with three, four, and five mobile
anchor nodes, were designed. The mobile nodes acted as the anchor
nodes and moved randomly at a speed of 1 m/s. Stationary nodes
transmitted a message, and the received signal strength was meas-
ured at each anchor node. The propagation channel was based on
small-scale fading, with Ricean distribution meodulating a two-ray
reflection propagation model [14]. The discrete-event net-
work-simulation program, NS version 2.28 [15], was used to test the
designed scenario.

The simulation parameters were as follows: the number of
particles was 500, the simulation area was 20m x 20m, the
simulation duration was 100 s, the noise variance was 0.02 for both
directions, and the location update rate was 2 Hz.

The recetved signal at the anchor nodes, assuming a Ricean
channel with K =6, is shown in Figure 1. Snapshots of the loca-
tions of the particles are shown in Figure 2, where the particles are
represented by dots and the actual location of the node is marked by
a diamond. As shown in Figure 3, the proposed algorithm with three
anchor nodes converged, and the resulting error in position reached
0.5m for K =24, and 1.1 m for K =3, which represented a very
noisy environment. As a comparison, the raw location estimation
based purely on the large-scale propagation model is also plotted.
Figure 4 shows the performance of only our system. It is clear from
the figure that there is a trend in the error among the different values
of K. This trend is due to the anchor-node locations over time. The
motion of the anchor nodes was the same for all simulations and,
depending on their location, the trilateration error would be similar,
hence the trend in the error curves.

In Figure 5, the system performance using three, four, and five
anchor nodes is demonstrated. As shown, there was a significant
improvement by using four anchor nodes as opposed to three, On the
other hand, there was no significant difference between using four or
five anchor nodes. This lack of difference is attributed to the uncer-
tainty in the measurements, which resulted in an increase in the error
if we increased the number of anchor nodes,

6. Conclusions

An algorithm for localizing limited-capability sensor nodes
was presented. The strength of the signals transmitted from the
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Figure 1. An example of the received signal strength from one of
the semsor nodes using K =6, where the anchor nodes are
moving at 1 m/s.

nodes to GPS-enabled, mobile anchor nodes was used in a parti-
cle-filter framework to perform the localization. In contrast to other
algorithms, such as [5], that localize a small number of mobile
robots using a larger number of static nodes, the proposed algorithm
attempts to solve the more challenging problem of localizing a large
number of limited-capability sensor nodes using a smaller number
of mobile robots.

Simulations were designed assuming a Ricean propagation
model, with very small specular-to-scattered power ratios. Results
showed that our system achieved a sub-meter accuracy, which is in
the same range as the best-known RF-based system [9], which
requires calibration of the area of interest.

We plan to implement the localization algorithm on three
man-portable, tracked robots, named MATILDA, made by Mesa
Robotics, which will act as the actuator nodes [16]. The electronics,
including the sensor suite, were built around an X86 100 MHz sin-
gle-board computer (SBC), running a distribution of OpenEmbed-
ded GNU/Linux. Communication to the robots can occur in three
ways: radio control that bypasses the single-board computer for
failsafe local control, 802.11b wireless for command/data transfer,
and cellular network service for command/data transfer. The sensor
nodes are 2.4 GHz, IEEE 802.15.4-compliant wircless measurement
systems, known as MICAz. These nodes run a small,
energy-efficient software operating system known as TinyOS.

7. Appendix: Trilateration

Trilateration is the process of identifying a node location using
distances. The distance may be computed in various ways, one of
which uses received signal strength. The trilateration problem can
be formulated as follows for the three-dimensional space. Given the
positions of # anchor nodes, {(x],yl,zl),(xz,yz,zz),...,

(¥n»¥n>22)} » and the estimated distances to these anchor nodes,

{di.d3,....,d,}, we want to find the location of the node (x,y,z)

that satisfies the following set of simultanieous nonlinear equations:
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Figure 6a. Trilateration assuming perfect values and no
interference, noise, or multipath, and, hence, a perfect circle
intersection is possible.

pl

Figure 6b, Trilateration using received signal strength that is
corrupted by noise, multipath, and interference, and, hence,
exact circle intersections are not likely. Instead, a region, as
shown by the shaded area, is obtained.

(x-x ¥ +(p- 3 +(z-2) = d? (13)
fori=1...n.

Note that for the three-dimensional space, only four ancher nodes
are needed for locating the node, while in a two-dimensional space,
three nodes are sufficient.

An example for the two-dimensional space is shown in Fig-
ure 6a. As shown in the figure, based on the received signal strength
at anchor node a1, the transmitting node may be any where on a
circle, providing infinite number of possibilities. By using the sec-
ond anchor node, the choices are now limited to points pl or p2.
Finally, using the third node, the position is finally determined.
Hence, the localization problem has been reduced to finding the
intersection of the circles. Unfortunately, in real life the received
signal strength is highly distorted, and, therefore, perfect intersec-
tions of the circles are highly unlikely. In this case, finding the
location that minimizes the distance error to the anchor nodes’
position can be used. As shown in Figure &b, in the case of imperfect
distance estimation, instead of having a perfect intersection a region
is obtained.
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