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Abstract – We present a novel approach for sensor
scheduling which is, in general, a NP-hard problem in-
volving the selection of S out of N sensors such that
an optimal filtering performance is attained. Our ap-
proach utilizes a heuristic measure that quantifies the
incoherence of the vector space defined by the sensors
with respect to the system principal directions. This in
turn facilitates the formulation of a convex relaxation
that can be efficiently solved using a myriad of com-
pressed sensing algorithms.
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1 Introduction
Many computational advances in the last few decades

have dramatically boosted the information processing
capabilities of complex systems involving prohibitively
large number of measuring devices (e.g., sensor net-
works, multi-agent systems [1–3]). In many such sys-
tems the sensory information is gathered and fused in
a preferably optimal fashion so as to reduce the overall
sensitivity to faulty data and to enhance the robust-
ness to component malfunctions. The decision making
capabilities attributed to this class of systems greatly
depend on the computational resources allocated for
processing the gathered sensory data. Occasionally,
the processing unit has to deal with excessively large
number of observations acquired by the various sensors
while at the same time to prune out any redundan-
cies that might have unintentionally been incorporated
in (e.g., identical observations which deceivingly give
the impression that the amount of information has in-
creased). This in turn may form a bottleneck that sig-
nificantly damages the overall processing performance
of the system.

The bottleneck problem mentioned above is typi-
cally alleviated by employing a so-called sensor schedul-
ing/selection scheme. In this regard, the scheduling
scheme regulates the computational load by utilizing a

relatively small number of sensors as it seeks to mini-
mize the unavoidable information loss. Another impor-
tant issue that arise in complex sensor constellations
is the total power consumption. Usually, in order for
the system to sustain its working capabilities over some
period of time it is necessary to activate only a limited
number of sensors at any given instance.

Numerous sensor scheduling strategies have been pro-
posed over the past few decades. The seminal work in
[4] recast the sensor scheduling problem as a non-linear
deterministic control problem that turns out to be solv-
able via a tree-search. Following this, some greedy
methods are suggested for coping with the complexity
of the tree-search in [5–7]. The approach adopted in [8]
allows the sensors to switch randomly according to an
optimal probability distribution such that the best ex-
pected steady-state performance is attained.

The sensor selection problem is, in general, NP-hard
(i.e., there are exactly

(
S

N

)
possibilities of choosing S

distinct sensors out of N available ones). This essen-
tially implies that an optimal solution cannot be ef-
ficiently computed, in particular when the number of
sensors becomes excessively large. Recently, a convex
relaxation of the original NP-hard problem has been
suggested in [9]. The most prominent advantage of this
approach over the other methods is accredited to its
applicability as there are a myriad of well-established
convex optimization techniques.

Solving a NP-hard subset search problem by means
of a convex l1 relaxation is one of the fundamental con-
cepts in the new emerging theory of compressed sens-
ing [10,11]. Compressed sensing essentially refers to the
recovery of a sparse or, more precisely, a compressed
representation of a signal (which typically involves a
limited number of highly incoherent projections) from
a relatively small number of observations, typically less
than the signal dimension. The work in [10] has shown
that under certain conditions pertaining to the problem
characteristics a highly accurate and even exact solu-
tion can be obtained for the original NP-hard problem



by solving a l1 convex relaxation. This result has trig-
gered a massive quest for efficient convex optimization
recipes. To this end there exist plenty of acclaimed
compressed sensing algorithms such as the Bayesian
compressed sensing [12], the gradient projection [13],
the gradient pursuit [14], and the least angle regres-
sion [15], to name only a few.

In this work we introduce a novel strategy for solving
the sensor scheduling problem using any compressed
sensing algorithm. Our approach utilizes a heuristic
incoherence measure that is based on the notion of es-
timability which is the stochastic analogy of observ-
ability. This in turn facilitates the formulation of a
compressed sensing problem aimed at minimizing the
incoherence of the vector space defined by the sensors
with respect to the system principal directions.

2 Problem Overview

The sensor scheduling problem is encountered in a
wide class of applications in which the (hidden) process
of interest is observed by multiple measuring devices.
As the number of sensors becomes prohibitively large
it is necessary to have some sort of a decision scheme
for pruning out observations while retaining a reason-
able performance of the underlying filtering algorithm.
Hence, the scheduling scheme essentially regulates the
computational workload and typically seeks to mini-
mize the attainable estimation error.

Consider the following discrete-time linear stochastic
system

xk = Ak−1xk−1 + Bk−1uk−1 + Gk−1wk−1 (1a)

yk(i) = hk(i)T xk + nk, i = 1, . . . , N (1b)

where the deterministic matrices Ak ∈ R
n×n, Bk ∈

R
n×l, Gk ∈ R

n×m and hk(i) ∈ R
n. The unobserved

signal xk is an R
n-valued process for which the initial

state is normally distributed with mean and covariance
x̂0 = E [x0] and P0 = E

[
(x0 − x̂0)(x0 − x̂0)

T
]
, respec-

tively. This process is driven by both a deterministic
input uk ∈ R

l and a zero-mean R
m-valued white Gaus-

sian sequence wk ∼ N (0, Q). The observed scalar pro-
cess associated with the ith sensor, yk(i), is assumed to
be contaminated by a zero-mean white Gaussian noise,
nk, with covariance Rk. In addition to that, it is as-
sumed that the observation noise is statistically inde-
pendent of both the initial state and the process noise at
any given time instance, E[x0n

T
j ] = 0, E[wknT

j ] = 0.
Using these definitions we can now formulate the sen-
sor selection problem as follows. We seek a subset of
S observations, {yk(ji)}S

i=1, ji ∈ [1, N ], that would
optimize the performance of a filtering algorithm ap-
plied for the estimation of xk. A widespread measure
of the filtering performance is the 2nd moment of the
estimation error (which coincides with estimation error

covariance in the unbiased case). Hence, our optimiza-
tion problem may be mathematically formulated as

min
{ji}S

i=1
, ji∈[1,N ]

Tr
(
E
[
(xk − x̂k)(xk − x̂k)T

])

= min
{ji}S

i=1
, ji∈[1,N ]

E

[

E
[
(xk − x̂k)T (xk − x̂k) |

{y1(ji)}
S
i=1, . . . , {yk(ji)}

S
i=1

]
]

(2)

where x̂k, Tr and E[·|·] denote the estimator of xk, the
matrix trace operator and the conditional expectation,
respectively.

The problem (2) is known to be NP-hard, essentially
involving

(
S
N

)
= S!/[N !(N − S)!] possibilities of choos-

ing the sought-after subset {yk(ji)}S
i=1. This obviously

implies that an optimal solution might be infeasible in
particular when N becomes excessively large (e.g., such
as in sensor network). Fortunately, a suboptimal solu-
tion to (2) may be efficiently obtained utilizing various
relaxation technqiues. Such an approach has been re-
cently introduced in [9] where a convex optimization
scheme is employed for solving a sensor selection prob-
lem in the framework of static parameter estimation.
The idea discussed in [9] involves the explicit expres-
sion of the estimation error covariance of a simple least
squares (LS) scheme applied for the observation subset
{yk(ji)}S

i=1, ji ∈ [1, N ], that is

Pk =

(
S∑

i=1

hk(ji)R
−1
k hk(ji)

T

)−1

(3)

Having this, [9] proceeds by minimizing the determi-
nant of Pk

1 rather than its trace which in turn facili-
tates the formulation of a relaxed (convex) problem of
the form

max
∑N

i=1
βi=1

0≤βi≤1

log det

(
N∑

i=1

βihk(i)R−1
k hk(i)T

)

(4)

where βi can be regarded as some measure of impor-
tance associated with the ith sensor. The S chosen
sensors are then taken as those having the highest im-
portance score.

The abovementioned approach is not really meant
to work for the dynamical system (1) unless its transi-
tion matrix Ak is diagonal. This simple observation
stems from the fact that in the presence of coupled
dynamics (which is manifested by a non-diagonal Ak)
the observability requirement of the pair (Ak, Hk) with
Hk = [hk(j1), . . . , hk(jS)], which guarantees that xk

can be fully estimated based on the sensory information
{yk(ji)}S

i=1, does not really coincide with the condition

1This is equivalent to maximizing the determinant of
∑

S

i=1
hk(ji)R

−1

k
hk(ji)T .



of having a nonsingular Pk in (3). In other words, the
fulfillment of the observability condition

Rank







HT
k

HT
k Ak

. . .
HT

k An−1
k







= n (5)

does not imply Rank(Hk) = n unless Ak is diagonal.
In this work we purpose a computationally efficient

scheme for obtaining a possibly suboptimal solution of
the sensor selection problem for the generalized linear
system (1). Our method circumvents the aforemen-
tioned limitation of [9] by adopting a heuristic measure
which intermediately affects the performance of the un-
derlying filtering algorithm. This measure, which is
termed here total coherence/incoherence, is strongly re-
lated to the notion of observability or, more precisely,
estimability. In what follows, we discuss the latter con-
cept which forms the basis of our heuristic approach.

3 Estimability and Incoherence
The notion of estimability is introduced in [16].

The idea underlines this concept can be thought of
as a stochastic analogy of observability 2. Formally,
it layouts the conditions under which the posterior
error covariance of an unbiased estimator is strictly
smaller than the prior covariance matrix. Defining
πk = E[xkxT

k ] and Pk = E[(xk − x̂k)(xk − x̂k)T ], where
x̂k is an estimator of xk, the system (1) is said to be
estimable if

Pk ≺ πk, ∀k ≥ n (6)

i.e., if and only if for any g ∈ R
n, g 6= 0

gT Pkg < gT πkg, ∀k ≥ n (7)

which, as proved in [16], is equivalent to the condition

E
[
yjx

T
k

]
g 6= 0, for some j ≤ k and ∀k ≥ n (8)

An additional rather explicit formulation of (8) is
provided in the following proposition.

Proposition 1. The estimability condition (8) is
equivalent to

hT
j A−1

j · · ·A−1
k−1g 6= 0, for some j < k and ∀k ≥ n

(9)
for any g ∈ R

n, g 6= 0, assuming the transition matri-
ces, Aj , . . . , Ak−1, and Ξk (see Appendix for its exact
definition) are invertible.

For the sake of consecutiveness the proof is deferred
to the appendix. An interesting implication of this
proposition is given below.

2The relationship between estimability and observability is
briefly discussed in [17].

Corollary 1. For time-invariant systems the condition
(9) reduces to the Popov-Belevitch-Hautus (PBH) [18]
eigenvector test.

Proof. The corollary follows straightforwardly from
Proposition 1 upon recalling that the eigenvectors of
A−m = (A−1)m are identical to those of A.

3.1 Incoherence Heuristic

Let < a, b >:= aT b be an inner product over R
n. We

say that a is incoherent with respect to, or orthogonal
to, b whenever < a, b >= 0. Following this definition it
can be readily recognized that both Proposition 1 and
the PBH eigenvector test roughly state that the sensing
vector hk should not be incoherent with respect to any
of the system’s principal modes, which is characterized
by the eigenvectors of Ak, for guaranteeing a proper
reconstruction of the state from a finite set of obser-
vations. These approaches aim at answering a yes/no
type question and do not really say anything about the
attainable reconstruction errors in cases where several
sensing possibilities, hk(i), i = 1, . . . , N , exist. Nev-
ertheless, a common intuition here might suggest that
the more coherent the sensing vector is with respect
to the system’s principal directions, the lower is the
attainable reconstruction error. In order to make use
of this thumb rule we define the following measure of
incoherence of the ith sensor at time k

−
n∑

j=1

| < hk(i), Re(gk(j)) > | (10)

where gk(j), j = 1, . . . , n denote the eigenvectors of
Ak, and Re(g) stands for the real part of g. The mea-
sure (10) can be readily generalized to the multiple sen-
sor case by

Φk = −
n∑

l=1

S∑

i=1

|βk(ji) < hk(ji), Re(gk(l)) > | (11)

which essentially quantifies the incoherence over the en-
tire vector space defined by the selected sensing vectors
{hk(ji)}S

i=1, ji ∈ [1, N ]. The parameters βk(ji) in (11)
are weighting scalars that regulate the contribution of
the corresponding sensors to the total incoherence Φk.

Following the above arguments we may seek to min-
imize the total incoherence instead of the covariance
measure in our original problem (2). In virtue of the
definition (11) a possibly suboptimal solution to (2) can
be efficiently computed as described next.

3.2 Sparse Formulation

It turns out that replacing the original objective in
(2) with the total incoherence measure (11) to yield

min
{ji}S

i=1
, ji∈[1,N ]

Φk (12)



facilitates the formulation of a relaxed problem that can
be easily solved using a myriad of optimization tech-
niques. Notice, however, that the solution of (12), and
obviously of any relaxation thereof, is most likely to be
suboptimal in the sense of the original objective in (2).

We begin by rewriting (12) as a recovery problem for
which the weighting parameters form a sparse vector
βk = [βk(1), . . . , βk(N)]T with βk(ji) 6= 0 for a set of S
indices {ji}S

i=1 where S << N (i.e., there are exactly S
elements in the support of βk where S is much smaller
than N , the total number of available sensors). Using
the convention ‖ βk ‖0 for the cardinality of the support
of βk, (12) can now be expressed as

min
‖βk‖0=S

[

−
n∑

l=1

N∑

i=1

| < βk(i)hk(i), Re(gk(l)) > |

]

(13)

Before proceeding any further we would like to clar-
ify a certain issue which, from our standpoint, is cru-
cial to the understanding of our argument. The main
goal of this work, as it was already emphasized in the
introductory part, is to uniquely formulate the sensor
selection problem in the framework of compressed sens-
ing for which there are numerous solution techniques.
This objective underlies our forthcoming derivations in
which, as the reader will witness, we sacrifice optimal-
ity in the sense of the original objective in (2). Having
stated this, we continue by replacing the objective in
(13) with an upper bound. Firstly, we observe that

−
n∑

l=1

N∑

i=1

| < βk(i)hk(i), Re(gk(l)) > | ≤

−

∣
∣
∣
∣
∣

n∑

l=1

N∑

i=1

< βk(i)hk(i), Re(gk(l)) >

∣
∣
∣
∣
∣
=

− | < Hkβk, Vk > | (14)

where

Hk =











hk(1), . . . , hk(N)
...

hk(1), . . . , hk(N)
...

hk(1), . . . , hk(N)











︸ ︷︷ ︸

(n2)×N

, Vk =









Re(gk(1))
...
...

Re(gk(n))









︸ ︷︷ ︸

(n2)×1

(15)
Furthermore, the law of cosines implies

− | < Hkβk, Vk > | ≤

1

2

[
‖ Vk − Hkβk ‖2

2 − ‖ Vk ‖2
2 − ‖ Hkβk ‖2

2

]
≤

1

2

[
‖ Vk − Hkβk ‖2

2 − ‖ Vk ‖2
2

]
(16)

Finally, combining (14) – (16) we obtain the following
problem

min
‖βk‖0=S

‖ Vk − Hkβk ‖2
2 (17)

Unexceptionally, for prohibitively large N , an opti-
mizer of (17) cannot be computed efficiently. Nonethe-
less, an appropriate convex relaxation of (17) can be
readily formulated by replacing the 0-norm with the l1-
norm. This problem, which is typically referred to as
compressed sensing (CS), was extensively investigated
in the recent literature. In what follows, we briefly dis-
cuss the ideas underlying CS with an emphasis on their
usage in the context of our problem.

4 Compressed Sensing
In the past decade, the l1 norm was suggested as

a sparseness-promoting term in the seminal work in-
troducing the acclaimed LASSO operator [19] and the
basis pursuit [20]. Recasting the sparse recovery prob-
lem using the l1 norm yields a convex relaxation of
the original NP-hard problem (17), which can be ef-
ficiently solved via a myriad of well-established opti-
mization techniques. Commonly, there are two equiv-
alent convex formulations that follow from (17): The
quadratically-constrained linear program, which takes
the form

min
βk

‖ βk ‖1 s.t. ‖ Vk − Hkβk ‖2
2≤ ε (18)

and the quadratic program

min
βk

‖ Vk − Hkβk ‖2
2 s.t. ‖ βk ‖1≤ ε′ (19)

It can be shown that for proper values of the tuning
parameters ε and ε′ the solution of both these problems
coincide.

Recently, [10, 11] have shown that an accurate solu-
tion of (17) can almost always be obtained by solving
the convex relaxation (18) assuming that the sensing

matrix Hk ∈ R
(n2)×N obeys the so-called restricted

isometry property (RIP). The RIP roughly implies that
the columns of a given matrix nearly behave like an
orthonormal basis. This desired property is possessed
by several random constructions, which guarantee the
uniqueness of the sparse solution. In particular, an ex-
act recovery is highly probable when using such matri-
ces provided that a relation of the type

S = O(n2/ log(N/n2)) (20)

holds. For an extensive overview of several RIP con-
structions and their role in CS, the reader is referred
to [10, 11].

4.1 Sensor Scheduling via CS

In the preceding section we have formulated two
equivalent convex formulations (18) and (19) of the NP-
hard problem (17). Either of these relaxations can be
efficiently solved using various CS methods such as the
Bayesian CS (BCS) [12], the recently introduced gradi-
ent projection [13] and gradient pursuit [14], the least



angle regression [15], and the CSKF [21], to name only
a few. The obtained sparse solution βk can be then used
to select an optimal sensor constellation. Thus, recall-
ing the role of the weights βk(i) in the total incoherence
measure in (13), we select those sensors for which the
associated weights are the most significant in terms of
magnitude. In detail, we sort |βk(i)|, i = 1, . . . , N in
a descending order

|βk(j1)| ≥ |βk(j2)| ≥ · · · ≥ |βk(jN )| (21)

and select S out of the top ranked sensors, {yk(ji)}
S
i=1.

Notice that this approach is somewhat similar to the
one adopted in [9].

4.2 Random Sensor Networks

As it is demonstrated in the ensuing, the CS-based
sensor scheduling scheme suggested inhere works re-
markably well even when the underlying sensing ma-
trix does not obey the RIP. Nevertheless, this is a de-
sired property that may dramatically improve the per-
formance in terms of accuracy and speed. To this end,
the commonly used constructions that do posses this
property are random by nature 3. The random matri-
ces described in Section 3.4 in [11] are known to sat-
isfy the RIP with overwhelming probability assuming
a relation of the type (20) holds. Nonetheless, such
sensing matrices are typically not encountered in vir-
tually many engineering applications. In this regard,
an exception is to be made whenever a random com-
ponent is introduced into the sensing device. Such an
approach was recently adopted in the so-called single-
pixel camera [22]. This camera which heavily relies on
CS theory implements a randomly-controlled array of
mirrors for recovering a compressed image based on a
relatively small number of observations.

The idea of incorporating random sensing mecha-
nisms within conventional applications was triggered
by an informal discussion in [11]. There, the author
has distinctively pointed out that this concept might
lead to a whole new philosophy in data acquisition. His
unique view of the subject is somewhat hinted in the
term compressive sampling which appears in the title
in [11].

Inspired by this concept, we describe here a sensor
constellation comprising of randomly controlled mea-
suring devices. Consider, for instance, a network of N
sensors, {hk(i)}N

i=1, for which each individual element
in hk(i) ∈ R

n is randomly picked over a discrete binary
space. In particular, assume that there are only two
equally probable values that a single element in hk(i)
may take. Then, in this case, it can be shown that the
overall sensing matrix defined in (15) satisfies the RIP
up to a certain level (this construction is similar to the
binary measurements matrix described in Section 3.4
in [11]).

3A few rather deterministic approaches for constructing RIP
matrices have been recently discussed in the literature.

5 Numerical Study
In this section the performance of the CS-based sen-

sor selection scheme is assessed in various synthetic
scenarios. The linear system considered here is con-
structed as follows. The transition matrix Ak is com-
posed out of the orthonormal eigenvectors of a sym-
metric random matrix UUT where the entries of U
are uniformly distributed over [−1, 1] (i.e., the eigen-
values of Ak lie on the unit circle). The process xk

itself is driven by a zero-mean Gaussian white sequence
with covariance Q = 0.12In×n. In most scenarios the
total number of available sensors is N = 200 out of
which either 5 or 10 are selected. In the first few ex-
amples, the jth element of the sensing vector hk(i) is
set as sin (2π/N(i + j/n)). This vector is then nor-
malized to yield ‖ hk(i) ‖2= 1 for suppressing large
deviations in signal to noise ratio over the entire set of
sensors. The main purpose motivating such a composi-
tion is to obtain a possibly rank deficient sensing ma-
trix [hk(1), . . . , hk(N)]T which will obviously make the
problem much more challenging (Note that if instead of
this, the entries of hk(i) would have been taken as in-
dependent identically distributed samples, then on the
overall we could not expect to spot a prominent differ-
ence in estimation performance for different sensor sub-
sets). The observations themselves are contaminated by
a zero-mean white noise with covariance 0.052.

In all scenarios we have used the standard Kalman
filter (KF) to obtain the estimates x̂k based exclusively
on the selected sensors’ observations. Our CS-based se-
lection scheme employs either the BCS of [12] or the
CSKF of [21] for solving the relaxed problem (19). The
sensors are then selected based on βk as described in
Section 4.1. Notice that whenever the underlying sys-
tem is time-invariant, it is sufficient to execute the se-
lection scheme only once, preferably at the beginning
of the filtering procedure. In other cases, the selection
scheme should be invoked whenever a change occurs in
either the transition or sensing matrices.

In what follows we have compared the attainable
root mean square estimation error (RMSE) 4 of the
KF equipped with our CS-based method with that of a
KF employing either the convex optimization approach
of [9] or a subset of distinct randomly selected sensors.
In all examples, excluding the first one, the comparisons
are based on 300 Monte Carlo (MC) runs.

5.1 Small Scale Example

In this example we consider a time-invariant system
with a state dimension of n = 4 and a total of N = 30
sensors out of which only 4 are selected. The main
purpose of this small scale scenario is to assess the op-
timality of the CS-based selection scheme in terms of
the objective in (2). Here we have exactly 27405 ways
of choosing a subset of 4 distinct sensors out of the

4That is
√

E [(xk − x̂k)T (xk − x̂k)]



available 30. The optimal subset can be therefore ob-
tained using an excessive search over the entire range
of possibilities.

The results of this example are summarized in Fig. 1.
This figure shows the RMSE computed based on 50
MC runs when using the CS-based selection scheme
(employing the BCS [12]), the convex optimization ap-
proach of [9], and a subset of randomly selected sensors
(which were picked at the beginning of each run). In
this specific example, the CS approach manages to iden-
tify the optimal subset. The performance of the convex
optimization approach is nearly optimal whereas the
random selection scheme yields the worse RMSE.
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(a) 30 sensors, 4 selected

Figure 1. The RMSE obtained when using the
various sensor scheduling schemes.

5.2 Time-Invariant Example

In this scenario we consider a time-invariant system
with a state dimension n = 10 and a total of N = 200
sensors out of which either 5 or 10 are selected. Here,
the predetermined matrices, A and h(i), remain un-
changed in all runs. As before, we compare the perfor-
mance of our CS-based method (employing either the
BCS or the CSKF algorithms) with both the convex
optimization and the random selection approaches.

The results of this example are summarized in Fig. 2.
This figure clearly demonstrates the superiority of the
CS approach over the other two methods. The slight
improvement of using the CSKF algorithm instead of
the BCS in solving (19) can be noticed in Fig. 2a.

5.3 Unobservable Configurations

In this example we consider a time-invariant system
that resembles the previously mentioned one in its di-
mensionality, however with a slight change in the com-
position of both the sensing vectors h(i) and the tran-
sition matrix A. Here, we let A = UUT where U is
uniformly sampled as previously described. In addi-
tion to that, we let h(i), i = 1, . . . , N be either one of
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(a) 5 selected

0 20 40 60 80 100

0.5

1

1.5

 

 

Random
Convex optimization
BCS, CSKF

(b) 10 selected

Figure 2. The RMSE obtained when using the
various sensor scheduling schemes.

the (orthonormal) eigenvectors of A. Following this, it
is quite obvious that the sensor space consists of sub-
sets for which this system becomes strictly unobservable
(e.g., when the selected subset lacks at least one of the
eigenvectors of A).

Two scenarios are examined the first of which in-
volves some predetermined matrices, A and h(i), that
remain fixed in all runs. The results for this specific
case are depicted in Fig. 3. In a companion example we
construct a new set of system matrices at the beginning
of each run. The results for this case are illustrated in
Fig. 4 where the mean trace of the estimation error
covariance is depicted.

As before, the CS-based approach outperforms the
other methods. From both Figs. 3 and 4, it can be
clearly seen that as opposed to the previous examples,
in which the convex optimization approach has shown
an improvement over the random selection scheme, in
this scenario this method fails to work, essentially yield-
ing the worst filtering performance.
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(a) 10 selected

Figure 3. The RMSE obtained when using the
various sensor scheduling schemes.
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Figure 4. The mean trace of the estimation
error covariance when using the various sensor
scheduling schemes.

5.4 Time-Varying Example

As the title suggests, in this example we consider a
time-varying system. The dimensionality and dynam-
ics of this system are similar to those described in the
preceding example with the only exception that here
the matrices Ak and hk(i) are constructed at each and
every time step.

The results of this scenario are shown in Fig. 5 where
the mean trace of the estimation error covariance is
depicted. Unexceptionally, in this example as in the
preceding ones, the CS-based approach attains the best
performance with respect to the other two methods.

6 Conclusions
A novel compressed sensing-based approach for sen-

sor scheduling is presented. The new method ,which
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Figure 5. The mean trace of the estimation
error covariance when using the various sensor
scheduling schemes.

is essentially based on a heuristic measure, is shown
to outperform the convex optimization approach of [9]
and the trivial random selection scheme. The compu-
tational efficiency of the new method in large scale set-
tings exclusively depends on the compressed sensing al-
gorithm used.

A Proof of Proposition 1
Let us assume, without any loss of generality, that

Bk = 0, ∀k in (1a). Now, observing (1a) we may
write

xk−1 = A−1
k−1xk − A−1

k−1Gk−1wk−1

xk−2 = A−1
k−2xk−1 − A−1

k−2Gk−2wk−2 =

A−1
k−2A

−1
k−1xk − A−1

k−2A
−1
k−1Gk−1wk−1 − A−1

k−2Gk−2wk−2

...

xj = A−1
j · · ·A−1

k−1xk − A−1
j · · ·A−1

k−1Gk−1wk−1 − · · ·

− A−1
j Gjwj (22)

for any j < k. Further substituting the explicit expres-
sion of yj , and of xj thereof, within the estimability
condition (8), yields

E
[
yjx

T
k

]
g = E

[
(hT

j xj + nj)x
T
k

]
g =

E
[
hT

j A−1
j · · ·A−1

k−1xkxT
k

]
g−

E
[
hT

j A−1
j · · ·A−1

k−1Gk−1wk−1x
T
k

]
g − · · ·

− E
[
hT

j A−1
j Gjwjx

T
k

]
g + E

[
njx

T
k

]
g 6= 0 (23)

From (1a) we notice that

xk = Ak−1 · · ·Ajxj+Gk−1wk−1+· · ·+Ak−1 · · ·Aj+1Gjwj

(24)



Substituting (24) within some of the terms on the right
hand side of (23) yields

E
[
yjx

T
k

]
g = hT

j A−1
j · · ·A−1

k−1ḡ 6= 0 (25)

where ḡ = Ξkg with Ξk := πk −Gk−1Qk−1G
T
k−1 −· · ·−

Ak−1 · · ·Aj+1GjQjG
T
j AT

j+1 · · ·A
T
k−1, which thereby

completes the proof.
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