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Abstract

In this paper, we present a comprehensive analysis of
the performance of a wireless sensor network based tar­
get tracking system using the Particle Filter. In particular,
we evaluate the effect ofvarious network design parameters
such as the number ofnodes, number ofgenerated particles,
and sampling interval on the tracking accuracy and compu­
tation time of the tracking system. Based on our analysis,
we also present recommendations on suitable values for the
relevant network design parameters, which provide a rea­
sonable tradeoff between accuracy and computational ex­
pense for this problem. In addition, we also analyse the
theoretical Cramer-Rao Bound as the benchmark for the
best possible tracking performance. We demonstrate that
the results from our simulations closely match the theoreti­
cal bounds.

We also present initial results from experiments compris­
ing of a 25 node wireless sensor network. Initial experi­
mental results are promising and show that the PF based
estimation is suitable for detection and tracking using inex­
pensive wireless sensor network devices.

1 Introduction

Wireless Sensor Networks (WSN) are increasingly used
in a variety of applications ranging from environmental
monitoring to industrial automation. A particularly promis­
ing military application involves using WSN for detecting
and tracking moving targets such as tanks, vehicles and
troops. Detection and tracking of targets is a mature and
well-established research area. However, the proposed so­
lutions rely on expensive and bulky sensors. Using low-cost
sensor nodes is an attractive and complementary approach.

Among several tracking algorithms in literature, for non­
linear filtering the Particle Filter (PF) [1], has been a pop­
ular choice. The PF is also known as the sequential Monte
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Carlo method, because it approximates a belief state for
the presence of the target by means of many but finite ran­
dom samples. In the past [2-4] PF was shown to be a suit­
able candidate for deployment in tracking applications us­
ing WSN. However, the achievable tracking and detection
performance of the system, is significantly influenced by
several network design parameters, namely: the number of
deployed sensor nodes, the number of generated particles,
and the sampling interval ofsensor nodes (which is defined
as the idle interval between successive samples). All prior
work simply assumes a particular set of values for these pa­
rameters without providing insight into how they affect the
behaviour of the tracking system. To the best of our knowl­
edge, this is the first study that provides a detailed and thor­
ough examination of the effects of these parameters on the
tracking and detection performance in a realistic simulation
environment. Based on our observations, we also suggest
suitable values for the relevant network design parameters.

In our evaluations, we consider the problem of simulta­
neous detection and tracking of an object moving through a
particular target region, where a WSN has been deployed.
The sensor nodes are equipped with acoustic sensors, which
periodically sample the ambient sound and relay the mea­
sured samples to a central base station. The base station ex­
ecutes the PF algorithm on the collected data-set. We used
the Ns2 discrete event simulator [5] for this study. The two
metrics that we have used to evaluate the performance of
the system are: estimation of the tracking error, Le., the
distance between the predicted and the actual location of
the target and computation time Le., the time required by
the PF to execute and detect the target. We evaluated the
effect of each of the aforementioned network parameters on
these two performance metrics.

We have also analysed the theoretical Cramer-Rao
Bound [6] as the benchmark for the best possible track­
ing performance and compared the results of our simulated
PF algorithm with respect to this bound. Our compari­
son shows that the accuracy of the simulated PF algorithm
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closely matches the theoretical bound.
We have conducted experiments with off-the-shelf WSN

devices (Xbow MicaZ motes) to verify the validity of our
simulation results. We first conducted calibration exper­
iments to characterize the gain for each sensor and noise
variations in a realistic environment. These calibration val­
ues are then used by the PF algorithm for tracking purposes.
The experimental results are promising and the PF based
tracking system is able to track the movement of the target
with high accuracy.

The rest of this paper is organised as follows: Section 2
summarises related work. In Section 3 we provide a brief
overview of the PF and discuss how we adapt it to our sys­
tem. Interested readers are referred to a book by one of
the co-authors [1] for further elaboration. The simulation­
based evaluations along with relevant discussions on appro­
priate system design parameters are presented in Section 4.
Section 5 derives the Cramer-Rao bound and presents a
comparison of our simulation results with this theoretical
bound. Section 6 presents results from our initial experi­
ments using a 25 node WSN. Finally, Section 7 concludes
the paper and discusses future work.

2 Related Work

In this section, we present a brief overview of previous
work on using miniature sensor devices for target tracking.
The work introduced in [4], is one of the earliest attempts to
use tiny acoustic sensor devices for tracking purposes. The
target is estimated via triangulation, i.e., comparing the dif­
ference in sound propagation delays from the sound source
to different acoustic sensors. In [2], Gu et a!. developed a
light-weight multi-modal detection algorithm for Mote level
micro-sensors. They found out that simple fusion algo­
rithms such as moving averages with thresholds are useful
in object detection using WSN. Unfortunately, both of these
studies assume that the sensor readings are free of ambient
noise, which is a highly unrealistic assumption. In a typical
outdoor environment (especially given the hostile nature of
battlefields), it is expected that the sensor readings would
be significantly influenced by ambient noise. In addition,
given that the sensor nodes are small form factor devices
and low-cost, it is expected that the readings would inher­
ently be noisy due to their low fidelity.

In [3], Duarte et a!., evaluated different machine learn­
ing algorithms in the context of vehicle detection. The au­
thors proposed a two level detection architecture to increase
the reliably of the PF. Different target detection algorithms,
such as K-nearest neighbour, maximum likelihood classi­
fier and support vector machine classifier, were evaluated at
a local node level. Then, the results of the local node level
evaluation are passed to a group, which is formed dynam­
ically. The fusion algorithms are performed at the group
level nodes. However, resource-intensive tasks such as Fast
Fourier Transform (FFf) are required to be performed at

the local level nodes. Therefore, it is not suited for low-cost
sensors.

Simon et a!., designed and implemented a sniper local­
isation system based on acoustic signal processing and tri­
angulation in [7]. Special hardware (Digital Signal Process­
ing board) was designed in [7] for the resource-intensive
acoustic signal processing tasks. In [8], He et a!., designed
and implemented a WSN with magnetic, acoustic, and mo­
tion sensors, which could classify a moving target such as
a walking person or a vehicle. The motion sensor used in
this work is a micro-power impulse radar. Due to their high
cost (typically US$5K), they may not be a suitable choice
for many WSN systems.

Coates et a!., also make use of the PF for target tracking
in [9]. However, they propose to model each mote as a par­
ticle. Consequently, the corresponding real-world deploy­
ment would require thousands of motes to achieve tracking
performance comparable to their simulation results. Fur­
ther, the authors assumed that the motes have a fixed sens­
ing range of 8 meters, a fixed detection probability of 0.7
within this sensing range and also assumed absence of any
communication errors. All these assumptions make it diffi­
cult to apply the proposed algorithm in a real-world system.

What is lacking is a comprehensive study of a WSN­
based detection and tracking system, based on realistic as­
sumptions, that explains the effect of various network pa­
rameters on the tracking accuracy of the system. This is
precisely the objective of our work.

3 Overview of the Particle Filter

In this section we describe a recursive Bayesian tracking
algorithm referred to as a Track-Before-Detect Particle Fil­
ter (TBD-PF) in [1]. Using this type of filter allows the in­
formation in the measurements from all sensors to be incor­
porated exactly into the estimation of the target state. The
PF is a suboptimal non-linear filter that performs estima­
tion using sequential Monte Carlo methods to represent the
probability density function of the target state. There are
several advantages of using a PF based estimator over other
non-linear filtering approaches including

• Target presence and absence are explicitly modelled by
the probability function.

• The method can track targets moving randomly in the
field of deployment.

• Non-Gaussian noise in sensor readings can be incorpo­
rated into the filter by estimating the distribution func­
tion of this noise. This incorporates the noise due to
calibration errors in sensors in addition to the environ­
mental noise.

• It permits us to detect targets with variable levels of
intensity.

164

Authorized licensed use limited to: IEEE Xplore. Downloaded on October 30, 2008 at 00:59 from IEEE Xplore.  Restrictions apply.











Grid Deployment

1K 2K 3K 4K 5K 6K 7K 8K 9K 10K
Number 01 Particles

(a)

Uniform Random Deployment

........... - '- - -
1K 2K 3K 4K 51< 6K 7K 6K 9K 10K

Number of Particles

(b)

Computation Tme

--- Grid Deploymerrt
350 --+- Uniform Random Deployment

250

200

150

100'-------1-'--'---'--'---'--'--'---'---'------'
1K 2K 3K 4K 51< 6K 7K 6K 9K 10K

Number of Particles

(c)

Figure 4. Effect of the number of generated particles on the estimation accuracy and computation
time.

Figure 3. This suggests, that for the given size of the de­
ployment field, target and sensor node characteristics (size,
velocity, and intensity of target, and sensitivity of sensors
etc.), and the selected networking and simulation parame­
ters, the optimal density for the deployment of sensor nodes
should be somewhere around 34 nodes per 100m2 , which
corresponds to 49 nodes for the target area under investiga­
tion. This node density gives a balance between the error
in estimation (mean tracking error of about 2.5m) and total
computation time (about 230 seconds).

4.3 Effect of the number of generated par­
ticles

Next, we examined the effect of the number of generated
particles on the performance of the tracking system. Re­
call that in our system, a number of particles are randomly
generated near the sensor nodes. Further, the number of par­
ticles are independent of the number of deployed nodes (see
Section 3) and only the Tpf component of the total compu­
tation time varies with change in number of particles.

Figure 4 shows the results of the simulation for differ­
ent number of generated particles for both grid and DR de­
ployments. The number of nodes are 49 and the sampling
interval is 1 sec. The error in estimation for grid deploy­
ment reduces from about 3.5 meters to 2.2 meters when the
number of particles are increased from 1000 to 6000. Af­
ter that the error begins to decrease at a much slower rate.
For DR deployment, the mean tracking error reduces from
3.49 meters with 1000 particles to 2.45 meters at 5000 par­
ticles. However, from Figure 4(c) we can see that the com­
putation time of the PF grows linearly with the number of
generated particles. This suggests that given the simulation
parameters, 5000-6000 particles is a good tradeoff between
detection accuracy and computation time.

4.4 Effect of the sampling interval

Figure 5, shows the effect of the variation in sampling
interval on the PF's behaviour. The number of nodes is set
as 49 with 5000 particles. Intuitively, the larger the sam­
pling interval, the longer the nodes will remain idle, hence
the less energy that they will consume. However, as can be
seen from this figure, the error in estimation of the target's
location begins to increase with the increase in the sampling
interval. Best tracking results are obtained with 0.5 to 1 sec
sampling interval for both grid and DR deployment. The
computation time, on the other hand, reduces from about
500 sec to 230 sec as the sampling interval is increased from
0.5 sec to 1 sec in Figure 5(c). This implies that given the
node density and the selected simulation parameters, 1 sec
sampling time is a sensible choice for this case.

5 Theoretical Analysis and Comparison

In this section we first derive the Cramer-Rao Bound for
the scenario used in our simulations. We next compare this
theoretical lower-bound with the results from our simula­
tions.

5.1 The Posterior Cramer-Rao Bound
(PCRB)

The Cramer-Rao Bound (CRB) is a theoretical construct,
which specifies a lower bound on the second-order estima­
tion error performance of any unbiased estimator [6]. We
now proceed to compute this theoretical bound for the sce­
nario used in our simulations (refer to Section 4 for details
on the simulation scenario).

The state evolution model and the measurement model
are as described in Section 3 (see also [12] for further de-
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