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Abstract — Due to the bandwidth constraint of wire-
less sensor networks, there can be physical limitations
in the communication links from sensors back to fusion
center, or between sensors. In such cases, local data
quantization/compression is not only a necessity, but
also an integral part of the design of the sensor net-
works. In this paper, a target tracking approach us-
ing particle filter with quantized innovations in wireless
sensor networks is proposed. The posterior Cramer-
Rao lower bound for quantized innovation information
received by fusion center is also given. The simula-
tion results show the good performance of our proposed
tracking approach. With a moderate small number of
particles sampled at each step, we found that the track-
ing performance of particle filter is much better than the
EKF, especially when the emitted power of each sensor
is small.
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1 Introduction

A wireless sensor networks (WSNs) consists of spa-
tially distributed autonomous devices using sensors to
cooperatively monitor physical or environmental con-
ditions, such as temperature, sound, vibration, pres-
sure, motion or pollutants, at different locations. Re-
cently, with the advances in micro-electronics and wire-
less communications, large scale of wireless sensor net-
works are developed to accomplish specific tasks in-
cluding data collection, environment monitoring, vehi-
cle tracking etc. These sensor networks consist of mas-
sively distributed low-cost, low-power and small size
sensor nodes, which have sensing, data precessing and
communication capabilities [1].

In most existing WSNss target tracking systems, a sig-
nificant number of low power sensor nodes are required
to detect and to track the target. In many cases, a cen-
tralized architecture is employed in which the sensor
nodes will send the information they have collected to

a more powerful fusion center which will in turn com-
pute the estimated target trajectory. In WSNs, power
consumption of sensor nodes can be divided into three
domains which are sensing, communication and data
processing [1]. A sensor node expends most energy
in data communication. To minimize the communica-
tion cost, only limited information can be transmitted
through networks, and harsh quantization is usually
needed. Hence, local data processing is important in
minimizing power consumption in WSNs.

Many researchers are currently engaged in developing
energy-efficient algorithms for network coverage [2], de-
centralized detection [3] and estimation [4] by utilizing
the quantized messages from sensors. To minimize the
communication cost, only limited information can be
transmitted through networks, and harsh quantization
is usually needed. In this situation, better and more
efficient quantization schemes than the uniform quan-
tization are to be sought and the effects of the quanti-
zation error are to be evaluated. A larger quantization
noise will be generated if the observed values are large,
which results in larger information loss and leads to a
lower estimation accuracy. An interesting distributed
estimation approach based on the sign of innovation
(SOI) has been developed for dynamic stochastic sys-
tems in [5] where only transmission of innovation of a
single bit is required. A general multiple-level quan-
tized innovation Kalman filter for estimation of linear
dynamic stochastic systems has been presented in [6].
The solution to the optimal filter is given in terms of
a simple Reccati recursion as in the standard Kalman
filter.

Although Kalman filters are extremely useful in
many application fields, it could show surprisingly bad
performance for some practical applications since the
nonlinearities in either system dynamic model or mea-
surements model. Several nonlinear filters, including
particle filter, unscented Kalman filter, batch filter and
exact recursive filer, etc., can provide estimation ac-
curacy that is vastly superior to EKF under different



scenarios [7]. A novel framework for target tracking
in a WSN using particle filters has been proposed in
[8]. This approach uses quantized sensor data and re-
source constrained WSN with non-ideal wireless chan-
nels. A Kalman like particle filter using quantized in-
novations has been proposed in [9]. Simulation results
in this work show that the optimal performance can
be achieved with moderate small number of particles.
However, only linear system model has been considered
in this work. In this paper, we propose a quantized in-
novation particle filter (QI-PF) for tracking in WSNs.
The corresponding posterior Cramer-Rao lower bound
(PCRLB) for QI-PF is also given. The simulation re-
sults show the good performance of our proposed ap-
proach.

The rest of this paper is organized as follows. In
Section 2, the target dynamic model is introduced and
particle filter is reviewed. The quantized innovation
particle filter is proposed in Section 3 and posterior
Cramer-Rao lower bound (PCRLB) is given in Section
4. Several simulations are presented in Section 5 to
show the performance of our method. Concluding re-
marks are made in Section 6.

2 Problem Formulation
2.1 System Model

We consider a standard process model for single tar-
get moving in a two-dimensional Cartesian coordinate
plane. Target dynamics is defined by 4-dimensional
state vector
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where & and 7 denote the coordinates of the tar-
get in the horizontal and vertical directions; ék and
7, denote the corresponding velocity of two directions
respectively at time k. The superscript / denotes the
transpose operation. The model for target movement
is described by

rp = Frg_1 +wg, (1)

where
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and wy, is the process noise which is assumed to be
white, zero-mean and Gaussian with the following co-
variance matrix
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where T denotes the sampling interval and ¢ the process
noise parameter.

The measurement model, which is called attenuation
model, for the i-th sensor can be described as

y’k = fu(ﬂck)—i—v,ic
vdg
dg,

+vp,  i=1,2,--- N (2)
where h;(-) is a function that models the received sig-
nal power by the i-th sensor and v} is a Gaussian white
noise process independent from wj; and independent
from noise samples of other sensors, vi ~ N(0,0?);
U is the emitted power of the target measured at a
reference distance dy; « is an attenuation parameter
that depends on the transmission medium; d;; is the
distance between the target and the i-th sensor:

die = /(& — €)% + (nk — n%)?, (3)

where (£%,7°) and (£, 7y ) are the coordinates of the i-th
sensor and the target at time k respectively. These tar-
get dynamic model and measurement model are widely
used for target tracking in WSNs [8].

The general assumptions we make about our mea-
surement model are as follows. Without loss of gen-
erality, the reference distance dy is set to be 1, and
the attenuation parameter « is assumed to be 2 respec-
tively. The fusion center is assumed to have all the
information about the noise statistics. Note that the
attenuation parameter and the sensor noise statistics
can be empirically determined off-line. We also assume
that sensor noises as well as the wireless links between
the sensors and the fusion center are independent across
sensors.

2.2 Particle Filter

Particle filter, also known as sequential Monte Carlo
methods (SMC), are sophisticated estimation tech-
niques based on simulation. With sufficient samples,
particle filter approach the Bayesian optimal estimate,
so they can be made more accurate than either the EKF
or UKF. The key idea of particle filter is to represent
the required posterior density function by a set of ran-
dom samples with associated weights and to compute
estimates based on these samples and weights. As the
number of samples becomes very large, this MC charac-
terization becomes an equivalent representation to the
usual functional description of the posterior pdf, and
the SIS filter approaches the optimal Bayesian estimate.
We summarize the Particle Filter as follows:

1) Sample the initial particle féz) ~ p(zg),
Assign initial importance weights Jzél) =
the total number of particles.
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2) At time k, select M particles indices j; €
{1, -+, M} according to weights:
{wi h<j<m.

(d4)

Set xkz)l—xk andw,(:zl:l/M, i=1,..., M.

3) At time k, propagate
50 e (050, )

and compute weight
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4) Normalize wights
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where the distribution f(-]-) is called transition density
which is derived from the dynamic model (1) and the
distribution g(-]-) is called observation density which
is derived from the measurement model (2). ¢z (+|-,) is
the importance density which the particles drawn from.

The commonly used particle filter, called bootstrap
filter proposed by [11], chooses the state transition den-
sity f, or “prior kernel” as importance distribution.
The importance wight is then simplified to
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A distinctive feature of the bootstrap filter is that the
incremental weight does not depend on the past trajec-
tory of the particles but only on the likelihood of the
observation, ¢ (yg|zr). The use of the prior kernel is
popular because sampling is often straightforward, and
computing the incremental weight simply amounts to
evaluating the conditional likelihood of the new obser-
vation given the updated particle position.

3 Quantized Innovation Particle
Filter

It is well known that the Kalman filter provides an
optimal solution to the Bayesian sequential problem,
and no algorithm can ever do better tracking perfor-
mance than Kalman filter in this linear/Gaussian en-
vironment assumption [10]. In the case of nonlin-
ear/Gaussian systems, extended Kalman filter (EKF)

p(xk|bok)-

can be used to provide a suboptimal solution by lin-
earizing the nonlinear state dynamics and/or measure-
ment equations locally. However, it has been shown
in [12] that, even for linear/Gaussian systems, when
the sensor measurements are quantized, EKF fails to
provide an acceptable performance especially when the
number of quantization levels is small. For our track-
ing problem, in addition to the nonlinear mapping from
the target state to the sensor observations (2) and the
quantization process at the sensor nodes also results in
a highly nonlinear system.

At the time step k, the i-th sensor makes an observa-
tion y}C Furthermore, the i-th sensor can receive one-
step prediction of the state, i.e. Z,_1, from the fusion
center. Based on this information, the i-th sensor can
compute its own innovation

€ = Yh — hi(Expp-1),

and the corresponding normalized innovation

Since the error covariance is not available for each sen-
sor, we use the covariance of measurements noise to
approximate the variance of innovation for each sensor.
Under the Gaussian assumption of the innovation, the
normalized innovation €(n) is considered approximately
follows a standard normal distribution. We shall quan-
tize the normalized innovation into (2L+1) levels, 0 and

:&:fyji-, ] = _1, 2,---, L. We consider a symmetric quan-
tizer for €, given by
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It should be noted that due to the presence of quan-
tizer, the innovation may not remain Gaussian. How-
ever, as in [5], it is assumed that the innovation is ap-
proximately Gaussian. The optimal quantization level
v, which means the minimum distortion with quantiza-
tion, can be chosen according to [13]. Denote the mea-
surements that the fusion center receives from the sen-
sor nodes as by, = {bt,b?,---,bY} From a Bayesian per-
spective, the tracking problem is to recursively calculate
some degree of belief in the state x; at time k, taking
different values, given the data bg.x, = {b1,ba, -, bi}
up to time k. Thus, it is required to construct the pdf
It is assumed that the initial pdf p(zg) of
the state vector, which is also known as the prior, is



available ( being the set of no measurements).
the pdf p(x|bo.x) may be obtained recursively.
For the tracking problem in wireless sensor network,
we employ the bootstrap filter to solve our nonlinear
bayesian sequential estimation problem. We assume the
communication channel from sensor node to the fusion
center is perfect and the fusion center can broadcast the
predicted state to the sensor nodes. The innovations for
each sensors are assumed to be Gaussian distribution
with zero mean. We can use the sensor measurement
model (2) with the Gaussian noise assumption and the
quantization model (4) to derive the probability of a
quantized sensor measurement taking a specific value
conditioned on the target state, i.e., p(bi|xy),

Then,

p{b, = Hl|wk, Zrjp—1}
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where ¢(-) is the complementary distribution function of
the standard Gaussian distribution. Since sensor noises
and the wireless links are assumed to be independent,
the likelihood that the fusion center receives the quan-
tized data Z; can be written as

HP (b, |zx)

For the QI-PF, the likelihood function derived in (5)
is the only remaining distribution required for the SIR
particle filtering algorithm to work. At a given time
step k, it is straitforward from (5) to calculate the like-
lihood function for each particle z;,

hi(@mkl)))

bk|xk

()

p(belz)) Hpwa(”, j=1,-.M (6)

4 Posterior Cramer-Rao Lower
Bounds

Denote the all available measurements up to time k
as Yok = {y1, Y2, -+, yx} and the estimator of the state
vector x, according to yo.x as Z(yo.k).Then, the mean
square error (MSE) matrix of the estimation error at
time k is bounded by the PCRLB J, ' [14]

Py = B{(@(yor) — 2) (@ (o) —ax) } = Tt (7)

where Jj, is the fisher information matrix (FIM) which
can be calculated in a recursive,

Juis = D = DR (J + DY) D

where
Dyt = E{=A%logp(akilee)} (8)
Di? = E{-A7H logp(ry|ex)} )
DY' = B{-2%, logp(arlzi)} = (D) (10)
DP = E{-AZ+logp(wps|or)}
+  E{=25 1 logp(beya|wri)}- (11)

The operator A is defined as
A = VgV,
where V is the gradient operator expressed as

o 0 0
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In the case that the quantized information are re-
ceived by the fusion center, the available quantized data
up to time & are denoted as bo.;, = {b1, b2, -+, b;} and
the estimator of the state vector xj according to bg.x
as Z(bg.x). Then, the mean square error (MSE) ma-
trix of the estimation error at time & is bounded by the
PCRLB J, ' [14]

Py = E{(&(bok) — z1) ((&(bok) — x)"} = J; !

where J, is the fisher information matrix (FIM).

In our tracking problem, since the target dynamic
model (1) in our tracking problem is linear, (8)-(11)
can be written as

D' = FTQ7'F
D]};2 _ FTQ 1 (D21)
D’%Q — Q +D22

= Q'+ E{-A7 log p(brta|eri)}

Recalling the calculation of conditional probability (5),
we have

N
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1322 does not have a closed-form solution, and the
Monte Carlo integration methodology should be em-
ployed [8].

5 Simulations

In this section, we evaluate the tracking performance
of our QI-PF target tracking approaches developed in



10 :
——QM-PF
—o—QI-PF
—PCRLB-QM
- - PCRLB-Q

RMSE (m)

|
10 20 30 40 50 60
Time (s)

Figure 1: RMSEs of the location estimates of the target
by QI-PF and QM-PF with 100 Monte Carlo trials

Sections 3. Sensors are assumed to be grid deployed in
a 100 x 100 m? area and the sensors are assumed to be
identical. The number of sensors is 25. For simplicity,
each sensor is assumed to employ identical thresholds
for quantization and the sensor measurements noise
are independent with unit variance, i.e. o; = 1. For
the target dynamic model, the following scenario is se-
lected where all units are in meters, seconds and meters
per second corresponding to distance, time and velocity
measurements, respectively. The initial state distribu-
tion of the target p(zp) is assumed to be Gaussian with
mean ,

Hao = (=75, 2, —T75, 2),

and covariance

100 0 0 0
s _| 0 02 0 o0
=1 0 0 100 0

0O 0 0 02

The target motion follows a constat velocity model (1)
with a process noise parameter ¢ = 0.04. Measurements
are assumed to be taken at an interval with 1 second,
iie. T = 1. The tracking step length is 60 s. The
reference distance dy is set to 1 and the attenuation
parameter « is also set to 1. The emitted power ¥ of
each sensor is 50.

The main criterion of tracking performance is the
root mean square error (RMSE) which is defined as
the Euclidean distance of the true target position and
the estimated position,

€k = \/(&c —E6)2 + (e — )2,

where (), 7j) is the estimate of (£),7x) at k-th step.

The tracking performance of quantized particle filter,
which including quantized measurements PF (QM-PF)
[8] and our proposed QI-PF, are shown in Figure 1. The
PCRLBs for quantized innovation and measurements
are different since the measurements that received at

0 40 60 80 100-100 80 60 -4 20

Figure 2: A realization of a target trajectory and its
estimates by EKF and PF with emitted power ¥ = 15
and ¥ = 50.

fusion center are different as well as the calculations
of (12). The tracking performance of QI-PF is better
than QM-PF. In addition, the RMSE of the QI-PF is
quite close to PCRLB for quantized innovation while
the QM-PF is much farther away from the PCRLB for
quantized measurements. That is because the optimal
quantization level for QM-PF is difficult to obtain while
the normalized innovation for QI-PF can be obtained
according to [13].

The tracking trajectories of quantized innovation
EKF (QI-EKF) [6] and QI-PF with differen target emit-
ted power are shown in Figure 2. The emitted power ¥
of target is set to be 15 and 50, respectively. From the
tracking trajectories we can see that the EKF has sig-
nificant performance degradation for the scenario when
the emitted power is decreased. The RMSE of the lo-
cation estimates of the target by QI-EKF and QI-PF
with 100 Monte Carlo trials is shown in Figure 3. The
tracking performance for QI-EKF is slightly worse than
the performance of QI-PF when the emitted power of
target is ¥ = 50. However, when the the emitted power
is decreased to 15 the QI-EKF will be divergent.

6 Conclusion

In this paper, we have considered the quantization
filtering methods for target tracking in wireless sensor
networks. Since the nonlinearity of the measurement
equation for target tracking, we have proposed a QI-
PF for nonlinear filtering. The PCRLBs for quantized
information received by fusion center are given. The
simulation results showed that the quantization of inno-
vation is better than the quantization of measurements.
Furthermore, with a considerable particles sampled of
each step, we found that the tracking performance of
particle filter is much better than the EKF, especially
when the emitted power of each sensor is small.
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