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ABSTRACT

In this paper, we consider the problem of sensor management
for target tracking in a wireless sensor network (WSN). To deter-
mine the set of sensors that have the most information, we develop a
probabilistic sensor management scheme based on the concepts de-
veloped in compressive sensing. In the proposed scheme, each senor
node decides whether it should transmit its observation via multi-
ple access channels to the fusion center with a certain probability.
With this probabilistic transmission scheme, the observation vector
received at the fusion center becomes a compressed version of the
original observations. Our goal is to determine the optimal values
of the probability using which each node should transmit so that the
determinant of the Fisher information matrix (FIM) is maximized
at any given time instant with a constraint on the available energy.
Numerical examples are provided to show the performance of the
proposed scheme.

Index Terms— sensor management, compressive sensing, tar-
get tracking, particle filters

1. INTRODUCTION

Sensor management is an important problem in resource constrained
wireless sensor networks (WSNs). Different approaches have been
proposed to solve this problem in the literature for various infer-
ence tasks. To name a few, in [1], the sensor selection problem was
formulated as an integer programming problem, which has been re-
laxed and solved through convex optimization. In [2], a multi-step
sensor selection strategy by reformulating the Kalman filter was pro-
posed, which is able to address different performance metrics and
constraints on available resources. In [3], a sensor selection scheme
based on an entropy-based information measure is proposed. Instead
of information based metrics, in [4][5], the recursive one-step-ahead
posterior Cramér-Rao lower bound (PCRLB) on the mean squared
error (MSE) of estimating the state vector has been explored as the
metric to select informative sensors.

Consider a WSN with a set of distributed sensor nodes and a fu-
sion center. Since only few nodes have significant observations, the
concatenated measurement vector at the fusion center can be con-
sidered to be sparse and compressible. This interpretation naturally
brings the concept of compressive sensing (CS) [6][7] into sensor
management problem. The first attempt to solve the sensor man-
agement problem by CS was proposed in [8], in which the sensor
selection decision is considered as a sparse signal, and the sensor se-
lection problem is solved in terms of recovering the sparse signal by
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l1 norm minimization.
In this paper, we propose a novel CS based sensor management

approach. To get a compressed version of the observations at the fu-
sion center, we employ a multiple access channel (MAC) model with
probabilistic transmissions. Then, the received observation vector at
the fusion center has an equivalent representation as with the stan-
dard CS problem. With this model, the sensing matrix is completely
determined by each sensor’s probability of transmission, and the de-
sign of the sensing matrix is reduced to finding the optimal probabil-
ity of transmission for each sensor such that a desired performance
guarantee in tracking is achieved.

There are several major differences between our work and the
work presented [8]: 1) In [8], a subset of sensors is selected and
selected sensors send their measurements to the fusion center over
parallel channels. In this paper, a subset of sensors is chosen prob-
abilistically and different combinations of weighted measurements
are sent to the fusion center over M MACs. 2) In [8], the sensor
selection decision is considered as a sparse signal and the sensor se-
lection problem is solved by recovering the sparse signal by l1 norm
minimization. However, in this paper, the concatenated measure-
ment vector is considered to be sparse due to non-informative mea-
surements, and the sensing matrix is designed such that a desired
tracking performance is achieved with compressed measurements.
Thus, there is no recovery of signal, but the compressed signal is
used directly for state inference; 3) In [8], the sensing matrix is deter-
ministic or is made be semi-random by adding some random distur-
bance, while in this paper, element of the sensing matrix are random
variables whose distributions are related to sensors’ probabilities of
transmission.

2. PROBLEM FORMULATION

2.1. System model

We focus on a target tracking problem, where a moving target is
tracked by a WSN with N uniformly deployed sensors in the region
of interest (ROI). The dynamical model of an acoustic or electro-
magnetic target is assumed to be

xk+1 = Fxk +wk (1)

where xk ∈ Rd is the state vector of the target at time instant k,
F ∈ Rd×d is the state transition model and wk is the process noise
which is assumed to be Gaussian with mean zero and covariance
matrix Q ∈ Rd×d.

At time k, the measurement model at each sensor is

si,k = ai,k + vi,k, i = 1, 2, · · · , N (2)
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where ai,k =
√

P0

1+dn
i,k

, P0 is the signal power of the source, n is the
signal decay parameter, di,k denotes the distance between the target
and the ith sensor at time k, i.e., di,k =

√
(xi − xk)2 + (yi − yk)2,

where (xi, yi) is the location of the ith sensor, and vi,k is the mea-
surement noise, which is assumed to be Gaussian with mean zero
and variance r and mutually independent over i for i = 1, · · · , N .

2.2. Compressive sensing

CS is a recently developed signal processing technique for acquiring
and reconstructing a sparse signal with a small number of measure-
ments compared to the original signal dimension. Consider a sig-
nal f ∈ RL, that can be expressed in an orthonormal basis Ψ =
[Ψ1 Ψ2 · · · ΨL] as

f =

L∑
l=1

blΨl or f = Ψb (3)

where bl is the coefficient of the signal projected on to Ψl and b =
[b1, · · · , bL]

T . The signal f is said to beK-sparse, if onlyK coeffi-
cients in b are significant and all the others are zeros or negligible.

To get a compressed signal, the sparse signal f is projected to
a lower dimension via a sensing matrix Φ with dimension M × L,
whereM � L, i.e.,

y = Φf = ΦΨb. (4)

Then, the standard CS problem is to recover b from only M � L
measurements y. The reconstruction capability is determined by the
properties of the sensing matrix Φ in addition to the sparsity index
and the number of compressed measurements [6]. Several such prop-
erties including RIP and mutual coherence of the sensing matrix, and
recovery algorithms are discussed in [9, 10, 11].

2.3. Sparsity formulation

Let the measurement vector be sk = [s1,k, · · · , sN,k]
T at time k,

where (·)T denotes the matrix or vector transpose. We consider a
relatively large distributed network. Based on the observation model
(2), it is seen that the signal amplitude received at a given node at a
given time becomes smaller and eventually negligible as the distance
between that particular node and the true target location increases.
Therefore, at time k, ak = [a1,k, · · · , aN,k]

T can be considered to
contain only few significant values.

To obtain a compressed version of observations at the fusion
center, we consider the following transmission scheme as consid-
ered in [12]. Let the jth sensor transmit its measurement after mul-
tiplying it by φij,k (to be defined later) via a MAC, so that afterM
transmissions, the received signal at the fusion center is given by

zi,k =
N∑

j=1

φij,ksj,k + ei,k, i = 1, · · · ,M (5)

where ei,k is the receiver noise, which is assumed to be white and
Gaussian with mean zero and variance ε. Note that (5) can be written
in a vector form as

zk = Φsk + ek (6)
where zk = [z1,k, · · · , zM,k]

T , the (i, j)-th element of Φ is given
by φij for i = 1, · · · ,M and j = 1, · · · , N , and ek is the receiver
noise, which is assumed to be white Gaussian with mean zero and
covariance matrixΣe = εIM×M , where IM×M is an identity matrix
of sizeM ×M .

We consider each φij,k to be a random variable so that

φij,k =

⎧⎪⎨
⎪⎩
1, 1

2
pj,k

0, 1− pj,k i = 1, · · · ,M

−1, 1
2
pj,k j = 1, · · · , N

(7)

where pj,k is the probability of transmission of jth sensor at time
instant k.

Based on how Φk is constructed, it is obvious that, though the
elements in a given column in Φk are independent and identically
distributed (i.i.d.), elements in different columns are independent
but not identically distributed. Therefore, Φk does not follow the
RIP as the one with the same isometry constant which has i.i.d.
random elements. Further, it is noted that, the matrixΦk can be very
sparse when only a small number of sensors decide to transmit with
a high probability. With this sensing matrix, we show numerically
that compressed observations in (6) provide us with a comparable
tracking performance to that with (2) with relatively smallM .

In the context of sensor management, Φk plays the role of a
sensor management entity that divides the sensors intoM sub-sets.
Sensors in the same sub-set send their weighted measurements over
the same MAC (there are a total of M MACs) if FDMA is used or
in the same time slot (there are totalM time slots) if TDMA is used.
Note that, the weight could be ’0’, which means that the associated
sensor does not send its measurement. Therefore, the problem of
managing sensors is equivalent to the design of the sensing matrix
Φk or the probability vector pk = [p1,k, p2,k, · · · , pN,k]

T , such
that a certain objective function is optimized.

3. THE SENSORMANAGEMENT PROBLEM

We find the probability vector pk such that, the determinant of the
Fisher information matrix (FIM) of the system averaged over the
sensing matrix Φ is maximized at time k. For the target tracking
problem under consideration, a nice recursive computation of the
FIM is proposed in [13], which is given as follows

Jk+1 = D
22
k −D

21
k (Jk +D

11
k )−1

D
12
k (8)

where D11
k = E {−Δ

xk
xk

log p(xk+1|xk)}

D
12
k = E

{
−Δ

xk+1
xk

log p(xk+1|xk)
}
= (D21

k )T

D
22
k = E

{
−Δ

xk+1
xk+1

[log p(xk+1|xk) + log p(zk+1|xk+1)]
}

= D
22,a
k +D

22,b
k . (9)

For the problem considered in this paper, we have D11
k =

F TQ−1F ,D12
k = −F TQ−1, D22,a

k = Q−1 and

D
22,b
k = −E

{
Δ

xk+1
xk+1

log p(zk+1|xk+1,Φk+1)
}

(10)

where the expectation is with respect to zk+1, xk+1 and Φk+1.
Hence,

D
22,b
k = −Ep(Φk+1)Ep(xk+1){J

D} (11)
where

J
D = Ep(zk+1|xk+1,Φk+1)

{
Δ

xk+1
xk+1

log p(zk+1|xk+1,Φk+1)
}
.
(12)

We can write (6) as

zk = Φkak + Φkvk + ek (13)
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where vk = [v1,k, v2,k, · · · , vN,k]
T , i.e., it is the concatenation

of the measurement noises of N sensors. Since the measurement
noises are mutually independent, vk ∼ N (0, rIN×N ).

Given xk+1 and Φk+1, based on Eq. (13), one can get zk+1 ∼
N (Φak+1, Rk+1), where Rk+1 = rΦk+1Φ

T
k+1 + Σe. Then

log p(zk+1|xk+1,Φk+1)

= −
1

2
(zk+1 − Φk+1ak+1)

T
R

−1
k+1(zk+1 − Φk+1ak+1). (14)

Therefore,

J
D = −∇xk+1

(Φk+1ak+1)R
−1
k+1∇

T
xk+1

(Φk+1ak+1), (15)

D
22,b
k

= Exk+1

{
∇xk+1

ak+1EΦ

{
ΦT

k+1R
−1
k+1Φk+1

}
∇T

xk+1
ak+1

}
(16)

where

∇xk+1
ak+1 =

⎡
⎢⎢⎢⎣

∂a1,k+1

∂xk+1

∂a2,k+1

∂xk+1
· · ·

∂aN,k+1

∂xk+1

0 0 · · · 0
∂a1,k+1

∂yk+1

∂a2,k+1

∂yk+1
· · ·

∂aN,k+1

∂yk+1

0 0 · · · 0

⎤
⎥⎥⎥⎦

d×N

(17)
and

∂ai,k+1

∂xk+1
=

P0nd
n−2
i,k+1

2ai,k+1(1 + dni,k+1)
2
(xi − xk+1), (18)

∂ai,k+1

∂yk+1
=

P0nd
n−2
k+1,i

2ai,k+1(1 + dnk+1,i)
2
(yi − yk+1) (19)

for i = 1, 2, · · · , N . Note that (xi, yi) is the location of the ith
sensor and (xk+1, yk+1) represents the location of the target at time
k + 1.

Up to this point, we have not observed the explicit relationship
between FIM at time k + 1 and pk+1, due to the complexity of
D

22,b
k . The following result can be used to simplify the mathematical

representation.
Let Γk+1 � EΦ

{
ΦT

k+1R
−1
k+1Φk+1

}
. If N is large, then we

have the following proposition.

Proposition 1. If the number of sensorsN in the WSN is large, then,
at any given time k + 1, we may approximate

Γk+1 ≈
M

rΣN
j=1pj,k+1 + ε

diag(pk+1) (20)

where diag(p) denotes a diagonal matrix, with p on the main diag-
onal.

Proof. Let Θ � ΦΦT . The time index is omitted in the proof for
the sake of simplicity. Diagonal elements of Θ are given by

Θi,i =
N∑

j=1

φ
2
ij i = 1, 2, · · · , M (21)

and off-diagonal elements are

Θi,j =
N∑

c=1

φicφjc i, j = 1, 2, · · · , M and i �= j. (22)

It is straightforward to get E{φ2
ij} = pj , var{φ2

ij} =
∑

(φ2
ij −

pj)
2p(φij) = pj(1−pj), E{φicφjc} = 0, and var{φicφjc} = p2c .
Therefore, according to the law of large number (LLN) for inde-

pendent and non-identical random variables, we get

Θi,i ≈
N∑

j=1

E{φ2
ij} =

N∑
j=1

pj , Θi,j ≈
N∑

c=1

E{φicφjc} = 0. (23)

Hence,Θ =
(∑N

j=1 pj

)
IM×M andR = rΘ+Σe = (r

∑N

j=1 pj+

ε)IM×M .
Then,

Γ ≈

(
r

N∑
j=1

pj + ε

)−1

EΦ

{
ΦTΦ

}
. (24)

Diagonal elements of Γ are given by

Γi,i =

(
r

N∑
j=1

pj + ε

)−1

Mpi (i = 1, 2, · · · , N)

and off-diagonal elements are

Γi,j ≈

(
r

N∑
j=1

pj + ε

)−1

E

{
M∑
k=1

φkiφkj

}

= 0 (i, j = 1, 2, · · · , N and i �= j).

Therefore,
Γ ≈

M

r
∑N

j=1 pj + ε
diag(p) (25)

completing the proof. �

The goal is to solve the resource management problem in a
WSN. The limited resource that we focused here is the energy in the
network. For simplicity, we assume that each transmission from a
local sensor to the fusion center consumes unit power. Finding the
optimal values for transmitting power at sensor nodes while achiev-
ing a desired performance is another interesting aspect which will
be studied in the future. We aim to solve the following optimization
problem:

max
pk

det(Jk(pk)) (26)

s.t. M

N∑
j=1

pj ≤ E (27)

where E is the total energy constraint.
Remark: (1) The fusion center maintains a particle filter to track

the target. (2) At time step k, the fusion center first solves the opti-
mization problem in (26) to get the optimal pk before measurements
at this time are available. Then, it generates the sensing matrix Φk

using pk , and, according to which, sends control messages to local
sensors. Based on these control messages, local sensors will send
their measurements over assigned MACs to the fusion center.

4. SIMULATION RESULTS

In this section, we illustrate the performance of the proposed sen-
sor management algorithm by numerical examples. The MATLAB
function ‘fmincon’ is used to solve the constrained optimization
problem (26). We compare the MSE of CS based sensor manage-
ment method to that of the random selection method under the same
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energy constraint. Both methods are compared to the all-send case
where all sensor measurements are available at the fusion center via
a set of parallel channels. The effect of the number of MACs, i.e.,
M of the sensing matrix Φ on the inference performance is also
studied.

We consider a WSN, consisting of N = 25 sensors grid de-
ployed in a 20m × 20m surveillance area. The dynamical model of
the target is given by (1) with state vector xk = [xk ẋk yk ẏk]

T .
The state transition model F and the covariance of the process noise
Q are given as follows:

F =

⎡
⎢⎣

1 D 0 0
0 1 0 0
0 0 1 D
0 0 0 1

⎤
⎥⎦ , Q = ρ

⎡
⎢⎢⎢⎣

D3

3
D2

2
0 0

D2

2
D 0 0

0 0 D3

3
D2

2

0 0 D2

2
D

⎤
⎥⎥⎥⎦

where D = 0.5 seconds is the time interval and ρ = 0.1 is the
process noise parameter. The parameters of the observation model
(2) are set as P0 = 103 and r = 1. The initial state of the target
x0 is assumed to be Gaussian with mean μ0 = [−13 2 − 13 2]T

and covariance matrix Σ0 = diag([4 1 4 1]). We perform target
tracking over Ts = 15 time steps for each Monte-Carlo trial, and set
Ns = 5000 particles for the particle filter. The total energy available
in the WSN at any given time is assumed to be E = 6. The MSE
of the estimation at each time is averaged overMC = 100 Monte-
Carlo trials.

2 4 6 8 10 12 14
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

Time k

M
S

E

Random selection
CS (M=1)
CS (M=3)
CS (M=6)
All−send

Fig. 1. MSEs comparison for different approaches. M = 1, 3, 6.

In Figure 1, the MSEs of the CS based approach with differ-
entM values are compared to that of the random selection method.
One can observe that the former one outperforms the latter under the
same energy constraint. The MSEs for M = 1, 3, 6 show that the
proposed approach achieves a better performance as M increases.
This reasonable result can be justified based on the following two
reasons: 1) IfM is interpreted as the number of MACs, then more
channels definitely yield better performance; 2) In the context of CS,
M is the number of compressed measurements. Then, a larger M
should have higher probability to recover the original signal, and
therefore, should yield better performance. Note that, according to
the theory of CS, it is not necessary to choose a largeM , if it already
attains a threshold which guarantee the recovery of the original sig-
nal with overwhelming probability [7]. On the other hand, compared
to the all-send case where a total of 25 units of energy are consumed
at each time since N = 25 parallel transmissions are necessary, the

proposed approach loses only a little performance, especially when
M = 6, but is energy efficient in the sense that it consumes only
E = 6 units of energy at any given time on an average. Note that,
the compressed measurements are used directly for state estimation
in the considered target tracking problem, which is different from the
traditional CS problems where the goal is to recover a sparse signal.
AsM increases, we expect that the tracking performance of the pro-
posed scheme will be close to that of the all-send case where there is
no compression.

Since the proposed CS based sensor management scheme em-
ploys a probabilistic transmission strategy, intuitively, the optimal
solution pk to (26) should assign significant probabilities to those
sensors which can obtain more informative observations. To show
this, we investigate one Monte-Carlo trial of the tracking trajectory
and observe the optimal probability vector pk at any given time step
k. In Figure 2, the optimal p at time steps k = 4 and k = 10

−15 −10 −5 0 5 10
−15

−10

−5

0

5

10

x

y

sensors
target trajectory

0.6840

0.3160

0.3988

0.6012

k=4

k=10

Fig. 2. p at different time steps. Circle: true state; Square: sensor
assigned non-negligible transmission probability.

are marked. We can observe that, at time step k = 4, two sensors
close to the target are assigned non-negligible probabilities, i.e., one
is 0.6840 and another is assigned 0.3160, while others are assigned
almost zero probability. This is because, the two sensors are close
to the target from two very different locations relative to the target.
Similar observations can be made for time step k = 10.

5. CONCLUSION

In this paper, we proposed a novel probabilistic sensor management
approach for target tracking in sensor networks based on compressed
observations. With this model, the sensor management problem be-
comes a constrained optimization problem, where the goal is to de-
termine the optimal values of probabilities that each sensor should
transmit with such that the determinant of the FIM at any given time
step is maximized. Numerical results show that the proposed ap-
proach saves a lot of energy with a little performance loss compared
to the optimal scenario in which all sensor observations are trans-
mitted to the fusion center via parallel channels. Under the same
energy constraint, the proposed scheme outperforms the random se-
lection approach significantly. An interesting future work is to take
the channel statistics into consideration.
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