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Abstract—We present particle filtering algorithms for tracking a
single target using data from binary sensors. The sensors transmit
signals that identify them to a central unit if the target is in their
neighborhood; otherwise they do not transmit anything. The cen-
tral unit uses a model for the target movement in the sensor field
and estimates the target’s trajectory, velocity, and power using
the received data. We propose and implement the tracking by
employing auxiliary particle filtering and cost-reference particle
filtering. Unlike auxiliary particle filtering, cost-reference particle
filtering does not rely on any probabilistic assumptions about
the dynamic system. In the paper, we also extend the method
to include estimation of constant parameters, and we derive the
posterior Cramér-Rao bounds (PCRBs) for the states. We show
the performances of the proposed methods by extensive computer
simulations and compare them to the derived bounds.

Index Terms—Binary sensor networks, particle filtering, poste-
rior Cramér-Rao bounds (PCRBs).

I. INTRODUCTION

RECENT advances in low-power micro sensors, actuators,
embedded sensors, radio, and in general, digital wireless

communication technologies have allowed development of
wireless sensor networks with unparalleled capabilities [5].
Their use may span a vast range of fields, and their effec-
tiveness is already being felt both in commercial and military
applications as well as in the further development of science
and engineering [6], [14], [24], [30].

In this paper, we consider wireless sensor networks with two
basic components, sensors and a fusion center. The sensors
sense and measure signals that provide information about an
event or events of interest and send binary information to the
fusion center. The fusion center combines the received infor-
mation to obtain estimates about the observed phenomenon.
Here the object of interest is a single target that moves in a field
of sensors that measure signal power, and the objective is the
online estimation of its trajectory, velocity, and power.

Often sensor networks have to operate with sensors that have
limited power as well as limited communication and compu-
tational resources. At a strategic assessment workshop orga-
nized by the U.S. Army Research Lab it was concluded that [1]
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“it is not practical to rely on sophisticated sensors with large
power supply and communication [demands]. Simple, inexpen-
sive individual devices deployed in large numbers are likely to
be the source of the battlefield awareness in the future.” One
type of networks that fits this description is the class of binary
sensor networks, where the sensors transmit only binary infor-
mation about sensed events (the event is sensed or is not sensed).
The signals that reach the fusion center of these networks are
therefore binary signals embedded in noise, and they pose chal-
lenging problems for recovering the sensed information by the
sensors.

The sensed information in this paper is the intensity (signal
power) of the transmitted signals by one or more sources that
attenuates as a function of distance from the sources.1 For the
tracking we propose to apply the auxiliary particle filter (APF)
[23] and the cost-reference particle filter (CRPF) [3], [16]. The
two methods are sequential statistical signal processing proce-
dures with distinct features but with similar algorithmic outline.
Convergence properties of the particle filtering methods can be
found in [8] and [19] and of the CRPF in [16] and [17]. The main
contribution of the paper is in the application of the APF and
CRPF on binary signals and in the presence of hidden complete
measurements by the sensors. We show how the signals from the
binary sensors contribute to producing evolving random grids
of the methods, how the associated metrics of the grid nodes
are updated, and how the estimates of the unknowns are ob-
tained. We also outline the steps for computing the posterior
Cramér-Rao bounds (PCRBs) of the state estimates.

The paper is organized as follows. First, in Section II we pro-
vide a brief overview of the literature related to binary sensor
networks. In Section III, we describe the binary sensor net-
work and define the addressed problem in a mathematical form.
In Section IV we present the APF and CRPF algorithms for
tracking a single target. In the following section, we discuss
extensions of the algorithms for the case of unknown emitted
power. In Section VI we address the PCRBs of the tracked vari-
ables. Details of the derivation of the bounds are shown in the
Appendix. Simulations that demonstrate the performance of the
proposed methods are given in Section VII. We end the paper
with Section VIII where we provide final remarks.

II. A BRIEF LITERATURE SURVEY

Binary sensors have already been addressed in the wide liter-
ature. In [15], a cooperative tracking method based on acoustic
binary sensors was described. There, the tracking is based on a
cooperative algorithm where the model of the target path is a

1We note that binary sensors of other sensing modalities can be used analo-
gously along the lines presented in this paper.
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Fig. 1. A binary sensor with a target passing nearby. The signals transmitted
by the sensors are denoted by s .

piece-wise linear curve and is different from the one that we
use in our paper. In [2], as in this paper, a particle filtering-
type algorithm for tracking was introduced. However, the au-
thors focus on geometric properties of the sensors’ configura-
tion and derive their algorithm based on that geometry. Also,
the method is based on sensor data that provide information
about approaching or receding targets with respect to the in-
dividual sensors, whereas in our approach we only use infor-
mation about the proximity of the target to the sensor. In [12],
a tracking method was proposed that first estimates the posi-
tions of a target in its most recent past and then fits them with
a piece-wise trajectory. In [21], another method for distributed
tracking in binary sensor networks was developed. It is derived
by using hidden state estimation and the Viterbi algorithm.

In other recent publications on signal processing for binary
sensor networks, various problems have been addressed. For ex-
ample, in [20] acoustic binary sensors were used for maximum
likelihood localization (not tracking) of a source, and in [29]
they were applied for system identification. Decentralized de-
tection by binary sensors was presented in [4] where the sensors
use a multiple access channel of limited capacity. Sufficient con-
ditions were found that allow for minimal probability of error at
the fusion center.

III. NETWORK DESCRIPTION AND MATHEMATICAL MODELS

A. Network Description

In a binary sensor network, the deployed sensors measure a
signal of interest and if the level of the measured signal is above
a predefined threshold, they report to the fusion center with a
signal that identifies them; otherwise they are silent. Their func-
tion is best described by a way of example. In Fig. 1, a binary
sensor is represented by the small circle and its range by the
larger circle. When the target is outside the range of the sensor,
the received signal is below the set threshold, and the sensor
does not transmit anything (instants , and ). During the
time when the target is inside the range of the sensor, the re-
ceived signal is above the threshold, and the sensor transmits
a “one” to the fusion center (instants , , and ). When at
a given time the fusion center does not receive a signal from a
particular sensor, this implies that the sensor transmits a “zero.”

The network consists of binary sensors that may be de-
ployed randomly, deterministically, or both. In all cases, we as-
sume that the fusion center knows the locations of all the sensors
and that the locations remain fixed for all time.

B. Mathematical Models

The model for target movement is standard and is described
by [11]

(1)

where is a state vector, which
indicates the position and the velocity of the target in a two-di-
mensional Cartesian coordinate system, and are known
matrices given by

with being the sampling period and , a 2 1 zero-mean
vector representing the state noise process and which accounts
for the acceleration of the target. The APF method uses an ad-
ditional assumption about ; it is a Gaussian vector with a co-
variance matrix .

The received power can be modeled as in [22] or as in [25].
We adopt the latter model, that is, the measurement of the th
sensor is given by

(2)

where is a function that models the received signal power
by the th sensor; is a noise process independent from
and independent from noise samples of other sensors;
is the position of the th sensor; is the location
of the target at time ; denotes the Euclidean distance
between and ; is the emitted power of the target measured
at a reference distance ; is an attenuation parameter that
depends on the transmission medium and is considered to be
known and the same for all sensors. For the application of the
APF, we need to know the distribution of . In our model, we
assume that where with being
the known power of the background measurement noise of one
sample and , with being the number of samples
used to obtain the measured power [25]. For the CRPF, we only
assume that we know .

The th sensor measures the received power
, processes it locally and transmits a single binary digit to

the fusion center according to the following rule.
1) The sensor compares the actual observed power level, ,

with a threshold, . If the sensed value is below , it does
not transmit anything.

2) If the sensed value is greater than , the sensor transmits
its identification code to the fusion center.

Therefore, the sensors in the network send signals to the fu-
sion center only if the received power is greater than the sensor
thresholds.
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The received signal from the th sensor at the fusion center
is modeled as

(3)

where

if
if (4)

and where is the observation noise, and is a known atten-
uation coefficient associated with the th sensor. Again, for the
APF method we need the knowledge of the noise distribution of

, and we let , whereas for the CRPF method
we only assume that the noise is zero mean.

In summary, the measurements made by the sensors are com-
plete and are modeled by (2). The sensors, however, always
transmit binary signals constructed according to (4), and the fu-
sion center receives them as quantified by (3).

The objective is to track the evolving state
using the observations

, that is, the observations up to time instant
of the first sensor, , the second sensor, , as well as

the remaining sensors, . The APF uses
probabilistic assumptions about all the noises in the model and
about the prior of the states. The CRPF only needs knowledge
of the first moments of the noises.

IV. TRACKING ALGORITHMS

First we present a tracking algorithm based on APF [10], [23]
(Section IV-A), and then we proceed with the presentation of a
CRPF algorithm [3], [16] (Section IV-B). In this section, the pa-
rameter is assumed known, but subsequently this assumption
will be dropped.

A. APF Algorithm

Recall that according to the theory of particle filtering, we
track the a posteriori distribution of , , by ap-
proximating it with a random measure composed of particles

and weights , where is an index, and which we de-

note by with being the number of
particles. At every time instant , the particle filter carries out
the following operations: (1) Selection of most promising par-
ticle streams, (2) particle propagation, (3) computation of par-
ticle weights, and (4) state estimation.

The APF attempts to draw from an importance function
which is as close as possible to the optimal one. To that end, the
selection of most promising particles is carried out by sampling
from a multinomial distribution where the number of possible
outcomes is and the probabilities of the respective outcomes
are , , and

(5)

where is some parameter that characterizes given
.

Since the noise samples from (3) are assumed indepen-
dent, we have

(6)

For the factors , we can write

(7)

where

(8)

and

(9)

(10)

where denotes the complementary of the standard normal
cumulative distribution function.

At the beginning, the initial set of particles ,
, are drawn from a prior distribution ,

and the weights of the particles are set to . Suppose now
that at time instant , we have the random measure

. Then the steps of a particle filter recursion
can be implemented as follows.

1) Selection of Most Promising Particle Streams: For se-
lection of the most promising particles, we use the conditional
mean of given as a characterizing parameter of every
stream, i.e.

(11)

The conditional means are computed readily from

(12)

This is followed by computation of the weights according to
(5) and their normalization. Finally, a set of indices are
drawn from the probability mass function (pmf) represented by
the normalized weights.

2) New Particle Generation: The first two elements of
the four-dimensional state represent the location of the
target in a two-dimensional space, and the remaining elements
are the components of the velocity in this space. That im-
plies that the generation of requires drawing only two-
dimensional random variables. The generation can be carried
out by first, propagating the velocity components one step
ahead using the joint distribution
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or and second, computing the
locations according to

(13)

(14)

The above equations are obtained from (1).
3) Weight Computation: The newly generated particles are

assigned weights according to

The likelihood terms of the numerator and denominator are cal-
culated as in the APF using (6)–(10).

4) State Estimation: Once the weights are normalized, one
can use to compute estimates of the unknown states. If we
want the minimum mean square error (MMSE) estimate, we
obtain it from

(15)

B. CRPF Algorithm

The objective of CRPF is to estimate sequentially the evolu-
tion of the unknown state from without assumptions
about the probability distributions of the noises in the model.
It is similar in structure to that of the APF because CRPF,
too, uses a discrete random measure. This random measure
is composed of particles and costs associated to them, where
the costs are user-defined. We denote the random measure by

, where has the same meaning as
before and are the associated costs to . It is clear
that the costs here play the role of the weights in APF. In fact,
with appropriate choices of the costs, one can make the CRPF
equivalent to the APF or the standard particle filter [3].

In general, the costs are updated according to [16]

(16)

where is a forgetting factor , and
is an incremental cost. Obviously, the value of controls how
fast the state estimates can adapt to new values of the states.
The incremental cost contributes to the total cost at time instant

and is a function of the particle value and the observation at
that instant. A typical incremental cost has the form

(17)

where is a function of , and . So, CRPF pro-
ceeds analogously to the APF; with the vector of observations

, the discrete random measure at time instant ,

, is updated to to re-
flect accurately the possible value of the unknown state at time
instant , .

The procedure has four steps: (1) selection of most promising
particle streams, (2) propagation of particles, (3) cost update,
and (4) state estimation. The initialization of the method is car-
ried out by randomly drawing initial particles from some prob-
ability density function (pdf) whose support includes the
space of . We propose that the method is implemented as
follows.

1) Selection of Most Promising Particle Streams: This step
is reminiscent of the main idea of the APF, where resampling
at time instant takes place by using measurements from
time instant . For CRPF, we define a risk function ,

which quantifies the quality of the particle given the next
set of observations, . As a risk function, one can use the in-
cremental cost, that is, in our case

with

(18)

(19)

(20)

where the elements of are defined by (2) and those of
by (3) and (4), i.e., the elements of are given by

Once the risks are computed, they are added to their costs at
to obtain the predicted costs, i.e.

(21)

The particles are then sorted according to their predicted costs
in ascending order and the first of the particles are

replicated times (we assume that is an integer). In
other words, each of the surviving particles will have children
at time instant [3]. We note that in previous versions of CRPF
implementations we used functions to generate pmfs, where the
latter were subsequently used for resampling of the particles.
With the sorting scheme, we avoid the use of such functions
and classical resampling and instead, we proceed directly with
removing “bad” particles. Many simulation results have shown
that with this simpler and faster scheme we do not sacrifice
performance.

2) Particle Propagation: For particle propagation we can
use a Gaussian proposal density in a similar way as is done
with APF. Note that the functional form of the Gaussian is not
used for computing the costs of the particles. Also, the use of a
Gaussian is not required, and we can use any other density that
is centered around the particle and that produces random vari-
ables with appropriate variance, like a uniform, or a Laplace, or
a Cauchy density.

If we use a Gaussian, we draw the velocities of the target with

mean and with covariance matrix

, where the s denote indexes of sorted particles,
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and ’s are surviving particles from step 1. The variance,

, is recursively updated by (see [16])

The locations are then obtained by (13) and (14).
3) Cost Update: The cost update is performed by using (16).
4) State Estimation: The state is estimated by using the par-

ticles and the associated costs. One way of carrying out the esti-
mation is by creating a pmf from the costs. To that end, a mono-
tonically decreasing function that converts the set of costs
into probability masses is defined, that is

One function that has worked well for different problems is

Once the , are computed, the estimation
of can be carried out readily.

V. EXTENSION OF THE APF WHEN IS UNKNOWN

The particle filters described in the previous section are based
on the assumption that in (2) the emitted power, , of the target
measured at a reference distance is known. When it is unknown
and varies with time randomly, the presented particle filters are
modified straightforwardly so that becomes an element of
the state vector , i.e., , and the
state-space (1) is changed to reflect the evolution of with
time.

In our model, is constant. It is well known that a spe-
cial care must be taken for the estimation of constant param-
eters by particle filtering. Estimation of static parameters by
particle filtering has already been addressed in the literature,
for example, [7], [9], and [26]. The approach that we propose
here exploits the concept behind Gaussian particle filtering [13].
CRPF does not have the problems of the APF in estimating con-
stant parameters because it is not based on the use of probability
distributions.

Let the parameter be denoted by even though it does
not change with time. Formally, we have

(22)

which implies that the prior proposal distribution of should
be

(23)

The particle filter from the previous section remains the same
except for the following modification: at time , one ap-
proximates the marginal posterior of with a Gaussian (or
some other) distribution [9]. If it is a Gaussian distribution, we

compute its parameters (the mean and variance of ) from
by

(24)

Then we sample from , i.e.,

. The drawn particles are particles
of since , and the remaining elements of the
particle are generated in the same way as in the previous
section.

The CRPF method applies the same method. For finding the
parameters of the Gaussian, it uses the pmf determined in step 4.

VI. PCRBS

The PCRBs provide in general the lower bound for mean
square errors (MSEs) [28]. In our problem, the PCRBs repre-
sent the lower bounds of the MSEs of the estimated unknown
position, velocity, and emitted power of the target. In particular,
for the expected squared error of we have the lower bound
given by

(25)

where is the filtering information matrix, whose inverse is the
PCRB of .

In the context of sensor networks, the PCRBs provide insights
into various issues including the following:

• the accuracy attainable in estimating the dynamics of the
target;

• the effect of the deployment geometry of the sensors on the
PCRB; and

• the effect of the sensing properties of the sensor on the
achievable accuracy.

When the dynamics of the state evolution of the target are
given by (1), the prior distribution is not defined
because this conditional distribution becomes singular. In [27],
a recursive method for determining the PCRBs for such cases
was described, and we followed that approach. We also used
the same notation as in [27] to allow for the more compressed
presentation that is given in the Appendix. The obtained PCRBs
do not have analytical expressions in closed form but they can
be computed using Monte Carlo simulation methods.

VII. SIMULATIONS

We present some computer simulations that illustrate the per-
formances of the proposed algorithms. We considered a scenario
where the examined network consisted of sensors de-
ployed in a field with dimensions . The attenu-
ation parameter was set to and the reference power
parameter to at . The parameter was
assumed unknown throughout the simulations and was also es-
timated. The sensing radius of the sensors, which depends on
the threshold and the power parameter , was 25 m. The cor-
responding threshold was set to 2. The covariance matrix of the

Authorized licensed use limited to: SUNY AT STONY BROOK. Downloaded on April 30,2010 at 18:21:59 UTC from IEEE Xplore.  Restrictions apply. 



2234 IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 56, NO. 6, JUNE 2008

Fig. 2. A realization of a target trajectory and its estimates by APF and CRPF for deterministically and randomly deployed sensor networks.

state noise process was , and the mea-
surement noise in (2) had mean were , and

. The noise variance and the parameters , un-
less otherwise stated, were chosen to yield signal-to-noise ratio
(SNR) of 20 dB at the fusion center. The sampling interval was

.
In the implementation of the APF and CRPF algorithms,

we used particles. The prior for the target’s
location and velocity was a Gaussian distribution with
mean and covariance matrix

, and the initial particles of were drawn
from a uniform distribution on . The cost function of
the CRPF was defined by (16) and (17) with and .

We experimented with two sensor networks, with determin-
istically and randomly deployed sensors. In Fig. 2, we can see
the two networks (the sensors are displayed with small circles),
a realization of a trajectory of one object and the obtained esti-
mates by APF and CRPF, denoted by APF-bin, and CRPF-Bin,
respectively. It can be seen that the algorithms track the target’s
trajectory closely.

In Fig. 3, we display the root-mean-square errors (RMSEs)
of the location estimate of the target obtained by the APF and
CRPF algorithms that use complete sensor measurements (APF-
Comp and CRPF-Comp, respectively), and the APF and CRPF
algorithms based on binary measurements (APF-Bin and CRPF-
Bin, respectively) in the deterministic network. The RMSEs in
this experiment were obtained by averaging over 100 different
realizations. As expected, the performances of APF-Comp and
CRPF-Comp were better than the performances of APF-Bin and
CRPF-Bin (in RMSE by about 4 m) at any time instant . It
should be observed, too, that the CRPF does not have much de-
graded performance with respect to the APF even though it does
not use probabilistic information. Clearly, the difference in per-
formance depends on various factors including on the number
of sensors in the field, their constellation, the actual trajectory
of the target, the strength of the transmitted signal by the target,
and the sampling interval.

The RMSEs of the location coordinates and velocity compo-
nents of the target and their PCRBs for the random sensor net-
work are shown in Fig. 4. Again, 100 different realizations were

Fig. 3. RMSEs of the location estimates of the target in deterministic network
obtained by the APF and CRPF algorithms with complete sensor measurements
(APF-Comp and CRPF-Comp, respectively), and the APF and CRPF algorithms
with binary measurements (APF-Bin and CRPF-Bin, respectively). The PCRB
curve is for binary sensor measurements.

used in the experiment. Similar results were obtained as in the
previous experiment. The RMSEs of the constant parameter
are displayed in Fig. 5 for the deterministically deployed sensor
network.

In the next set of experiments, we studied the performance of
proposed methods with respect to different SNRs at the fusion
center. In Fig. 6, we see the performances of these methods ex-
pressed by the cumulative distribution functions of the RMSEs
of APF-Bin and CRPF-Bin. For example, Fig. 6 shows that
the probability of the RMSE being smaller than 6 m is prac-
tically one for SNRs greater than or equal to 10 dB. At

, the probability is almost one if the RMSE is less than or
equal to 9 m. From the graphs, we see that the performance of
the CRPF-Bin degrades more rapidly than that of the APF-Bin
when the SNR decreases.

We further studied the impact of the threshold in detecting the
presence of the target through the PCRBs for the deterministic
network in the examples. The results shown in Fig. 7 imply that

Authorized licensed use limited to: SUNY AT STONY BROOK. Downloaded on April 30,2010 at 18:21:59 UTC from IEEE Xplore.  Restrictions apply. 
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Fig. 4. RMSEs of the locations and velocities obtained by APF-Bin and
CRPF-Bin as functions of time obtained in a random network. The respective
PCRBs for binary sensor measurements are also plotted.

Fig. 5. RMSEs of 	 as a function of time.

the choice of threshold can be very important for the accuracy
of the applied methods. We point out that as the threshold values
continue to increase, the PCRBs of the position will start to in-
crease too.

We have also performed simulations when the APF-Bin uses
inaccurate distributions of the noise processes in the model.
We generated the noise process in the state equations with a
mixture with

and . Instead of the ac-
curate pdf, the APF assumed a Gaussian pdf
where . The transmission measurement
noise was simulated using a Gaussian mixture as follows:

and the APF assumed the measurement noise to be zero mean
and with a variance of . This ensures that the
first two moments of the true and assumed measurement noise
statistics are the same. The simulated values of and were

0.0081 and 0.001, respectively. The RMSEs of 100 different tra-
jectories were computed and summed over the entire time pe-
riod. In Fig. 8, we plot the cumulative distribution functions of
the RMSE of APF-Bin and CRPF-Bin. For example, the graph
shows that 95% of the times, the RMSE accumulated by the
CRPF-Bin is below 12 m while the RMSE accumulated with the
APF-Bin is less than 20 m. Clearly CRPF-Bin outperforms the
APF-Bin considerably and this is an important result. In prac-
tical applications, frequently the assumed distributions and their
parameters may be inaccurate, which may cause the degradation
of the APF-Bin. As expected in such scenarios CRPF-Bin per-
forms much more robustly.

VIII. CONCLUSION

In this paper we focused on the use of binary wireless sensor
networks for tracking a single target. This is a rather challenging
problem because complete measurements are compressed to bi-
nary decisions of whether a target is or is not detected by a
sensor. We applied two particle filtering algorithms for pro-
cessing of the binary data, auxiliary particle filtering and cost-
reference particle filtering. The adopted model of sensor mea-
surements was the signal strength, although any other type of
measurement model would be equally applicable. We also de-
rived PCRBs of the estimated unknowns. We conducted several
sets of experiments, and the simulation results show that the pro-
posed methods track with good accuracy. By no means is the
study in this paper complete. There are several interesting topics
that deserve full attention including tracking in networks with
uncertain sensor locations, tracking in networks with failing
sensors, tracking with biased sensors, optimality of deployment
of sensors, and choice of sensor thresholds.

APPENDIX

Here we present the derivation of the PCRBs of tracking a
single target. Recall that the dynamics of the state evolution
are given by (1), where the prior distribution is sin-
gular. Let , where and

. In [27], a recursive method for determining
the PCRBs for such cases is presented, and here we follow that
approach. The state evolution as given by (1) and (22) can also
be expressed in block vector notation as

(26)

where

Let the information matrix of be denoted by (which in
our case is of size 5 5). The recursive computation of the
PCRBs can then be written as follows [27]:

(27)
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Fig. 6. Performance of the APF-Bin and CRPF-Bin algorithms for various SNRs measured by the cumulative distribution functions of the RMSEs. (a) APF.
(b) CRPF.

Fig. 7. PCRBs of estimated positions from binary sensor measurements for
various sensor thresholds.

Fig. 8. Cumulative distribution function of the RMSEs of APF-Bin and
CRPF-Bin.

where the block matrices have sizes 2 2 ( , , , ,
and ), 2 3 ( , and ), 3 2 ( , and ),
and 3 3 ( and ), and the block matrices are com-
puted according to

The 7 7 matrix , and the matrices are defined by

and

with

(28)

and being the Laplacian operator.
The computation of the , , 2, 3 proceeds as

follows:
1) : We use the following identities:

where the expectation is over .
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2) : For computing , we need the following expres-
sions:

3) : We can show that

(29)

4) : For computing , we use

5) : The process is similar as before. We have

6) : We use the identities
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