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Abstract – This paper is concerned with the application
of target tracking in a network of sensors that provide bi-
nary output. The binary sensor network tracking problem
is formulated in a sequential Bayesian estimation frame-
work and is readily solved by means of a particle filter. We
will perform sensor selection by means of a newly proposed
scheme. This proposed approach is especially suitable for
problems that exhibit non-Gaussian and multi modal be-
havior in the a posteriori density. We will show that the
newly proposed selection scheme can also be extended to
the multi target case. In addition, we also formulate a fairly
simple sequential approximation of the proposed scheme
that dramatically reduces the size of the associated opti-
mization problem.

Keywords: sensor networks, particle filters, target track-
ing, sensor selection.

1 Introduction

Systems, by means of which, distributed sensing, detection
and tracking can be performed, become increasingly pop-
ular. This popularity is for a great part due to recent ad-
vances in wireless mobile communication technology and
in Micro-Electro-Mechanical Systems. These technologi-
cal advances have driven the feasibility for the use of low-
cost and low-power sensor networks, see e.g [1].

Such a sensor network is composed of a (very large) num-
ber of sensor nodes, consisting of sensing, processing and
communication components.

Many types of sensors may be used, e.g. as visual, acoustic
seismic, chemical or radar sensors, all depending on the
specific application. In figure 1 we provide an example of

such a relatively small wireless sensor node. This sensor
node is equipped with a seismic sensor.

Figure 1: Example of a wireless sensor node: Thales Minia-
ture Intrusion Sensor

In this paper, we concentrate on a special type of sensor
networks, namely networks in which sensors only provide
binary output. These sensors or models of sensors arise
in a lot of applications. Of course in practice most sen-
sors from a physical standpoint are not binary, but when the
signal corresponding to a measurement is thresholded only
the excess or non-excess of this signal over a threshold is
reported and the corresponding sensor model becomes bi-
nary. Possible reasons for using binary sensor models can
be manifold. It can be e.g. from a standpoint of data reduc-
tion, or simply because it is the only information available
to the user.

We will model such a binary sensor network and show that
inside the context of a generalized Bayesian filtering ap-
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Figure 2: Example of raw sensor data and binary data ob-
tained by applying a threshold

proach one can solve the filtering problem by employing a
particle filter.

Often in a distributed sensing application saving energy is
key for the sensor nodes. This is the case because the nodes
are typically battery operated and should work without re-
quiring service for as long as possible. Therefore nodes
should only sense and send their information if needed. In
this paper, we will not deal with the communication part of
the network, i.e. with the aspects of sending the messages
or sensing reports through the network, but only with the
sensing part.

Furthermore, we will show that by employing a simple and
efficient sensor selection mechanism we are able to use only
a limited number of the sensors and still get a satisfactory
performance.

To the best of our knowledge, the idea of using a particle
filter for a binary sensor network approach has been first
proposed in [2]. A similar modelling approach has also
been used in [3]. In fact in [2] also a sensor scheduling
mechanism is employed with the aim of minimizing the
number of sensor and thus the energy spent. However in
[2] the scheduling approach is based on a covariance based
technique and some heuristics, as articulated by the authors.
Apart from the heuristic part, it is known and also shown in
the proceeding of this paper, see section 2, that the nature of
the a posteriori filtering distribution can be quite wild and
multi modal. This makes a covariance measure not a very
suitable selection mechanism. Therefore, in this paper we
propose a selection method that exploits the full detailed
extent of the a posteriori distribution by focussing on the
maximum probability mass of the predictive density.

The new contributions of this paper are:

• A new particle filter based scheduling mechanism for
sensor selection, selecting recursively those sensors
that cover the most probability mass of the predictive
density.

• A sequential approximative implementation of this al-
gorithm, dramatically reducing the computational load
of the selection algorithm.

2 System setup and problem formu-
lation

The system setup can be mathematically described by the
following equations.

sk+1 ∼ p (sk+1|sk) (1a)

zk ∼ p (zk|sk) , with k ∈ N (1b)

where

• sk is the state of the system at timek,

• zk the measurement at timek.

In the above discrete time system the state is defined as the
two dimensional position and velocity and is thus four di-
mensional.

The probability density functionp(sk+1|sk) is completely
determined by the system dynamics:

sk+1 = Fsk + Gwk (2)

with wk being standard i.i.d. Gaussian noise

F =




1 0 T 0
0 1 0 T

0 0 1 0
0 0 0 1


 (3)

and

G =
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whereamax is the maximum acceleration andT the sample
or update time of the system.

Now for the measurement part of the system. For a single
sensorj ∈ {1, . . . , M}, whereM is the number of sen-
sors, the measurement is binary, i.e. either0 or 1 and the
likelihood is, dropping the subscript for the time step:

p(zj |s) = 1Rj (s)[zj(pj
d + (1− pj

d)p
j
fa)+ (5)

+(1− zj)(1− pj
d)(1− pj

fa)]+

+(1− 1Rj (s))[zjpj
fa + (1− zj)(1− pj

fa)]

where1Rj (s) is the indicator function, assuming either a
value of1 or 0, indicating whether the state of the object
is inside the sensing range of sensorj or not. Furthermore,
pj

d andpj
fa are the detection and false alarm probabilities of

sensorj.

The total likelihoodp(z|s) is obtained as the product of the
individual likelihoods.

An example of a sensor network layout is provided in figure
3. Here the crosses indicate the sensor locations and the
circles the sensing ranges.
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Figure 3: Example of a sensor network layout

The filtering or tracking problem associated with the above
system amounts to constructing the a posteriori density on
the current state given all measurements up to the current
time step. The filtering problem for the above system is
not a standard one. This is due to the discontinuity of the
likelihood function. The filter can therefore not be imple-
mented by standard Kalman recursions, or even by an UKF,

see [4]. However, the optimal filtering can very well be im-
plemented numerically by a particle filter, see [4]. In such
a case a particle filter describes approximately the density
of interest,p(sk | Zk), whereZk denotes the measurement
history, Zk = {z0, . . . , zk}. The density is approximated
by means of a (weighted) set of particles.

{si
k, wi

k}i=1,...,N (6)

A graphical representation of such a filter ’in action’ in a
sensor network application can be seen in figure 4. The
particle cloud displayed in this figure also nicely displays
the obvious non-Gaussian, in fact multi modal nature of the
problem. This once more illustrates the need for a filter, e.g.
a particle filter, that is able to cope with such phenomena.
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Figure 4: Particle description ofp (sk|Zk)

3 Sensor selection

As mentioned in the introduction, often there are only
a limited number of sensors, whose information can be
processed. Let us assume that forL out of a total ofM sen-
sors we are allowed to access and use the measurements.
The problem now becomes one of choosing theL ’best’
sensors. Of course formally one would have to specify best
in some sense, and from that hopefully a strategy can be
deduced and implemented. We, however take a slightly dif-
ferent approach. We will propose a strategy and show that
this strategy can be easily implemented using a particle fil-
ter.

We propose a new and fairly simple strategy for sensor se-
lection. We call this strategy the maximum volume strategy
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or MAXVOL strategy. The basic idea is to select the combi-
nation of sensors that covers the largest probability volume
of the predictive density.

The set ofL indicesI ⊂ {1, ..,M} uniquely identifies the
selected sensors.VI is the volume of the state space that is
covered by the sensors identified byI.

Thus we arrive at the following problem formulation.

arg max
I

∫

VI

p (sk+1|Zk) dsk+1 (7)

Let us define the following indicator function

1VI (sk+1) =
{

1, sk+1 ∈ VI

0, sk+1 /∈ VI
(8)

the integral of equation (7) can now be rewritten as
∫

VI

p (sk+1|Zk) dsk+1 = (9)

∫
1VI

(sk+1)p (sk+1|Zk) dsk+1 =

= Ep(sk+1|Zk)[1VI
(sk+1)] ≈

≈ 1
N

N∑

i=1

1VI
(si

k+1)

Inspecting the above (approximative) equation shows that
the problem is solved by choosing that combination ofL

sensors by which the most particles are covered.

To arrive at the optimal sensor combination for the
MAXVOL criterion all possible sensor combinations have
to be considered. If a sensor network consists ofM sen-
sors andL sensors are to be selected, there are

(
M
L

)
sensor

combinations to be considered. For a reasonable number of
sensors in a network and a reasonable number of sensors
to select, the number of combinations to be considered can
easily become very large, see figure 5.

The optimal sensor combination can be approximated by
selecting sensors sequentially instead of selecting the opti-
mal sensor combination out of all possible sensor combina-
tions. Sequential selection amounts to first picking the best
sensor then discarding this one and picking the next best
and so on untilL sensors have been selected. The number
of combinations that have to be evaluated in this case is

L−1∑

i=0

M − i (10)

Figure 5: Comparing the number of possible sensor combi-
nations for the optimal method and the sequential method

This number is considerably (many orders of magnitudes)
smaller than the number of evaluations for the optimal com-
bination, see also figure 5.

We also note that in the case where the sensors have no
overlap the sequential method will result in the optimal
combination.

In the simulation examples we will use the sequential
method.

4 Simulation results

In this section we will provide simulation results on the
MAXVOL approach. It will be shown that with a limited
amount of sensors one can attain a performance, at least af-
ter some transient phase, equal to the situation in which all
sensors are used.

The sensors have a sensing range as indicated, a detection
probability of pd = 0.90 and a false alarm probability of
pfa = 0.05. One target is present in the network at all time
steps andN = 3000 particles. Furthermore, the maximum
target acceleration has been set toamax = 15m/s and the
update time isT = 2s.

In figure 6 the scenario at hand is depicted. In fact in this
figure the actual trajectory of the target is visible, this is in-
dicated by the black line, as well as the estimated trajectory
or equivalently, the track, indicated by the red line. The
figure also shows the sensor network layout graphically.
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Figure 6: Sensor network layout, trajectory and filter result
at final time step

We have performed 100 Monte Carlo runs for one scenario
and averaged the results over these 100 runs. The resulting
position and velocity errors are displayed in figure 7 and
figure 8 respectively.

Figure 7: Position error of the MAXVOL criterion: (·) with
10 sensors, (?) with 20 sensors, (∗) with 40 sensors, (◦) with
60 sensors and (¦) with all sensors used without a strategy

From the simulation results in figure 7 and figure 8 we can
see that the initial errors are larger when only a limited
number of sensors is used. However, after this transient
phase, the target is tracked with the same accuracy as in the
case, where all sensors are used.

Figure 8: Velocity error of the MAXVOL criterion: (·) with
10 sensors, (?) with 20 sensors, (∗) with 40 sensors, (◦) with
60 sensors and (¦) with all sensors used without a strategy

Looking at the results, we can also see, that except for the
transient phase we do not need so many sensors. Actually
it is better to, if possible of course, use more sensors in
the initial phase and less after the transient phase. For the
described scenario we have looked at the minimal number
of sensors needed at each time step in order to arrive at a
performance that is equal to the optimal performance, i.e.
the performance obtained when all sensors are used.

The result of this test is shown in figure 9. Note that the
results shown here are also an MC average over 100 runs.

From figure 9 we see that initially we need about 100 of the
144 sensors and that this number rapidly decreases to about
a minimum number needed of about 7 sensors. This number
is reached already quite fast, that is after some 5 time steps.
These results indicate that there is quite a payoff if one is
allowed to use more sensors in the initial phase.

We do want to emphasize that we have considered regularly
placed sensors, but that similar results can be obtained for
a network of more randomly placed sensors.

5 Extension to the multi target case

In this section we indicate, without going into all the de-
tails, how the proposed approach for sensor selection can
be readily extended to the multi target case.
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Figure 9: Minimum number of sensors needed at each time
step to obtain optimal performance

In order to do so, we will first explain how the sensor net-
work and target model of section 2 is extended to cover the
multi-target case.

We assume a multi target dynamics according to the follow-
ing system description:

sk+1 ∼ p (sk+1|sk,mk) (11a)

Pr{mk+1 = j|mk = i} = Pij (11b)

zk ∼ p (zk|sk,mk) (11c)

with k ∈ N

In the system defined by equations (11) an extra variable
mk ∈ M has been introduced. This variable is a so called
mode variable and is a discrete valued variable, that in our
case defines the number of targets present.

M defines the set of possible modes. For this case we could
choose e.g.:

M = {0, 1, . . . , MaxNofTargets} (12)

Thus, we have defined a multiple mode process or system,
see e.g. [4]. The mode process is assumed to follow a
Markov process with transition probabilities defined byPij .

In this application the mode corresponds to the number of
targets present at time stepk. Thus, the model reflected by
equations (11) allows for birth and death of targets, see e.g.
also [5].

Also the state of the above system is a so called joint state,
where the different state vectors corresponding to the dif-
ferent targets form one joint state vector, again see e.g. [5].

Now, the MAXVOL criterion, defined for a single target
can be extended for the multi target case by choosing those
sensors that cover the maximum multi target volume

arg max
I

∑

mk+1∈M

∫

VI

p (sk+1,mk+1|Zk) dsk+1 (13)

We have also performed simulations in a multi target set-
ting, in which the particle filter outputs the approximate
posterior density on the kinematic as well as the modal
state. Thus,p (sk|Zk,mk) andp (mk|Zk).

In figure 10 we present a snap shot of a running filter with
the MAXVOL selection mechanism. In this scenario, ini-
tially no targets were present in the scene, after a while
the first target appears and after yet another while the sec-
ond one appears. At the time step shown, both targets are
present and tracked by a limited number of sensors selected
according to the MAXVOL criterion.
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Figure 10: Snap shot at end of multi (2) target scenario -
Selected sensors in black

6 Conclusions

In this paper we have presented a binary sensor network
framework. We have provided a fairly simple and con-
ceptually appealing sensor selection mechanism. We have
also shown that this mechanism combines well with a parti-
cle filter approach for solving the sequential Bayesian state
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estimation problem. We have also shown that this selec-
tion scheme yields satisfactorily tracking results while us-
ing only a fraction of the total number of sensors. Fur-
thermore, we have extended the formulations to the general
multi target case.

A possible avenue of future work is to explore how the pro-
posed sensor selection mechanism compares with other se-
lection schemes proposed in the recent literature, both in
terms of performance as well as in terms of computational
load. However, it has already been indicated that our pro-
posed method with some slight modification, i.e. using
more sensors in the initial phase, leads to optimal perfor-
mance, at least in the single target case.

As well an interesting topic is to consider the approach pre-
sented here for more involved multi target scenarios. Sce-
narios with closely spaced targets are specifically challeng-
ing. In [6] some fundamental aspects of such scenarios in
combination with a joint state particle filter approach are
presented. Some interesting aspects of track extraction for
such scenarios are treated in [7].

Furthermore, it would be very interesting and worthwhile
to include the cost of communicating the sensor reports to
a processing unit into the optimization.
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