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Abstract— An important application of wireless sensor net-
works is to perform the monitoring missions, for example, to
monitor some targets of interests at all times. Sensors are often
equipped with non-rechargeable batteries with limited energy
and energy saving is a critical aspect for wireless sensor networks.
If a target is monitored simultaneously by serval sensors, some
of them can be switched off to save energy without causing
mission failure and by which their operational times as well as
the network lifetime can be prolonged.

In this paper, we study the problem of scheduling sensor
activity to cover a set of targets with known locations such
that all targets can be monitored all the time and the network
can operate as long as possible. A solution to this scheduling
problem is to partition all sensors into sensor covers such that
each cover can monitor all targets and the covers are activated
successively. In this paper, we propose to use the notion of
information coverage which is based on the estimation theory
to exploit the collaborative nature of wireless sensor networks,
instead of using the conventional definition of coverage. Due
to the use of information coverage, a target that is not within
the sensing disk of any single sensor can still be considered to
be monitored (information covered) by the cooperation of more
than one sensor. This change of the problem settings complicates
the solutions compared to that by using a disk coverage model
and we propose a heuristic to approximately solve our problem.
Simulation results show that our cover formation algorithm
is better than an existing formation algorithm when only the
conventional definition of coverage is used. Simulation results also
illustrate that the network lifetime can be significantly improved
by using the notion of information coverage compared with that
by using the conventional definition of coverage.

I. INTRODUCTION

Recent advances in micro-electro-mechanical systems, dig-
ital electronics, and wireless communications have led to
the emergence of wireless sensor networks, which consist
of a great number of sensing devices each capable of sens-
ing, processing and transmitting environmental information.
Applications of wireless sensors networks include battlefield
surveillance, environmental monitoring, biological detection,
smart spaces, industrial diagnostics, and etc [1].

One of the fundamental issues in a wireless sensor network
is the coverage problem [2], which addresses how well a
target area is monitored. In some applications, the targets
to be monitored are remote and dangerous and sensors have
to be randomly deployed from, e.g., an aircraft. Due to the
randomness of the deployment, it is not uncommon that
targets might not be monitored if the sensor density is low.
In literature, increasing sensor density is one way to provide
adequate target coverage. This problem can also be solved by

applying the notion of information coverage instead of the
conventional physical coverage [3]. The information coverage
will be briefly reviewed in the next section.

Another important issue in sensor networks is the network
lifetime. The source of energy for a sensor is most often pro-
vided by its attached battery. Due to size and cost constraints,
the energy available at each sensor is limited and in general
non-rechargeable. The network lifetime can thus be measured
as the time that the network cannot provide adequate coverage
due to that some or all sensors deplete their energy. It has
been shown in [4] that if a battery is used in short bursts
with significant off-time other than in a continuous operation
mode, its lifetime can be prolonged approximately twice times.
Therefore, the lifetime of a sensor network can be prolonged
if sensors are scheduled to alternate their active and inactive
battery states.

Scheduling sensor activity to prolong network lifetime is
not new in sensor networks. When the target area monitored
by one sensor can also be monitored by other sensors, this
sensor can temporarily switch off for saving energy and the
network coverage can still be maintained. Therefore, we can
partition the time line into contiguous intervals and in each
interval only part of sensors are in the active state to monitor
all targets and all other sensors are in the sleep state to save
energy. A coverage-preserving node scheduling scheme has
been proposed in [5], which is based on an off-duty eligibility
rule to determine whether a sensor’s sensing area is included
in its neighbor’s sensing area. In [6][7], the disjoint set cover
has been used to solve the problem of preserving coverage
and scheduling activity, which divides the available sensors
into disjoint sets such that every set can completely cover all
targets and are activated successively. However, these works
are all based on the notion of physical coverage and cannot
be applied in the domain of information coverage.

In this paper, we study the problem of scheduling sensor
activity for sensor networks in which a set of targets with
known locations should be monitored all the time. Sensors are
randomly scattered in close proximity to a set of targets and
send their sensed data to a processing center. The objective
of the point information coverage problem is to ensure that
every target should be information covered at all times and
the network can operate as long as possible. Due to the use of
information coverage, a target that is not within the sensing
radius of any sensor can still be monitored by the cooperation
of more than one sensor. Furthermore, even a target is within



the sensing radius of only one sensor, it is not necessary
for this sensor to be always active if some other sensors
can cooperate to monitor the target. Therefore, scheduling
sensor activity becomes more complicated in the domain of
information coverage.

In this paper, we propose a heuristic to solve the schedul-
ing problem for discrete points information coverage. The
proposed heuristic includes three steps: The first step is to
exhaustively search possible sensor sets for each target such
that a target can be information covered by any set. The
second step is to formulate sensor covers in a greedy way
such that each cover can ensure that all targets are monitored.
The last step is to compose a scheduling sequence by which
sensors are activated successfully. The proposed heuristic is
also applicable to generate disjoint physical covers in the
domain of physical coverage by simply setting a parameter
of the heuristic. Simulation results show that when only the
conventional definition of coverage is used, the performance
of our cover formation algorithm in terms of the number of
generated covers is better than that of the cover formation
algorithm proposed in [6]; and is comparable to that of another
disjoint cover formation algorithm proposed in [7]. However,
our formation algorithm is simpler than theirs. Simulation
results also illustrate that the network lifetime can be signifi-
cantly improved by using the notion of information coverage
compared with that by using the conventional definition of
coverage.

The rest of the paper is organized as follows. The definition
of information coverage is briefly reviewed in Section II.
Section III provides a detailed formulation for the problem of
scheduling sensor activity for the point information coverage.
A heuristic method is then proposed in Section IV which
includes three main steps. Section V presents performance
evaluation results and the paper is concluded in Section VI.

II. INFORMATION COVERAGE BASED ON ESTIMATION

Consider a snapshot of the sensing field and a set of K
geographically distributed sensors, each making a measure-
ment on an unknown parameter θ at some location and time.
We assume that each sensor knows its own coordinates. An
example can be the sensing of an acoustic signal of amplitude
θ. Let dk, k = 1, 2, ...,K denote the distance between a sensor
k and a location with some parameter θ. The parameter θ is
assumed to decay with distance, and at distance d it is θ/dα,
where α > 0 is the decay exponent. The measurement of the
parameter, xk, at a sensor may also be corrupted by an additive
noise, nk. Thus

xk =
θ

dα
k

+ nk, k = 1, 2, ...,K. (1)

The objective of a parameter estimator is to estimate θ based
on the corrupted measurements. Let θ̂ and θ̃ = θ̂ − θ denote
the estimate and the estimation error, respectively. When K
measurements are available, a well-known best linear unbiased
estimator (BLUE) [8] can be applied to estimate θ̂K and to
achieve a minimum mean squared error (MSE).

In general, the estimate of a parameter at a point where
an event happens (or a target is present) is different from
the estimate of the same point without the occurrence of the
event (or without the appearance of the target). This is because
the signal energy of an event/target (e.g., seismic vibrations
caused by a moving target) is larger than the background
noise energy. Therefore, if an estimation error is small, not
only the event/target can be claimed to be detected but also
the event/target parameter can be obtained within a certain
confidence level. Note that the estimation error θ̃K is a random
variable with zero mean (due to the zero mean uncorrelated
noises) and variance σ̃2

K . We can use the probability that the
absolute value of the estimation error is less than a constant A,
i.e., Pr{|θ̃K | ≤ A}, to measure how well a point is monitored.
The larger this quantity is, the more reliable the estimate.
When it is equal to or larger than a predefined threshold ε,
i.e., Pr{|θ̃K | ≤ A} ≥ ε, we define the information coverage
for K cooperative sensors as follows [3].

Definition 1: (K-sensor ε-error information coverage) A
point is said to be (K, ε)-covered if there exists K sensors
to estimate any parameter at the point such that Pr{|θ̃K | ≤
A} ≥ ε, where 0 ≤ ε ≤ 1. A region is said to be completely
(K, ε)-covered if all the points of the region are (K, ε)-
covered.
A sensor is called isotropic if its sensing ability is the same in
all directions. For such a sensor, its (1, ε) information coverage
is a disk with radius Ds centered at the sensor. We can set Ds

as the maximum distance between a sensor and a point such
that the point can be (1, ε)-covered. In this case, the (1, ε)
information coverage is the same as the physical coverage:
Both mean that a point is within Ds distance of at least one
sensor. In this paper, we call the disk centered at a sensor
with radius Ds as the physical sensing disk of the sensor and
Ds as the physical sensing range. One of the properties of
information coverage is that if a point is (k, ε) covered, it
is also (k + 1, ε) covered. Therefore, when examining (K, ε)
information coverage for a point, one can first check (1, ε)
coverage for this point. If it is (1, ε)-covered, then it is also
(K, ε)-covered. If it is not (1, ε)-covered, one more sensor is
added to examine if it is (2, ε) covered and so on. We refer
the reader to [3][9] for more details of information coverage.

Fig. 1 illustrates the concepts of physical and information
coverage. The physically covered area by the six sensors is
the union of their sensing disks. The point marked by the star
in the figure is not physically covered. However, this point
may be information covered. Let xk denote the measurement
of the parameter θ at the kth sensor. We assume that the
measured parameter decays with distance, as illustrated by the
dashed co-centric circles around the point. We can estimate θ
by using more than one measurement to reduce estimation
error. If the estimation error is small enough when using, e.g.,
all the six sensors for estimation, then the point is claimed to
be information covered. From this example, we can see that
information coverage can extend physical coverage in that a
point not physically covered can still be information covered
without sacrificing estimation reliability.



Fig. 1. Illustration of physical and information coverage. The point marked
by the star is not physically covered, however, it may be (6, ε)-covered if
Pr{θ̃6 ≤ A} ≥ ε, when 6 sensors are used for estimation.

III. THE POINT INFORMATION COVERAGE PROBLEM

There are a set of points (targets) with known locations in a
field and a number of sensors have been randomly scattered in
the field. The objective of point information coverage problem
is to ensure that every target should be information covered
at all times and as long as possible. Let T = {T1, T2, ...}
and S = {S1, S2, ...} denote the target set and the sensor
set, respectively. Fig. 2 illustrates an example of a number
of randomly deployed sensors to cover a set of targets, in
which dashed lines are used to illustrate physical sensing
disks. Since sensors are randomly scattered, it may happen
that some sensors cannot physically cover even one target
(e.g., sensors S2, S7, S8 and S9) and some targets are not
physically covered by even one sensor (e.g., targets T2 and
T5). However, due to the use of information coverage, those
targets that are not physically covered can still be information
covered. For example, target T2 can be (3, ε)-covered by using
sensors S1, S2 and S3; and target T5 may be (2, ε) covered
by using sensors S7 and S9. Furthermore, those targets that
are physically covered can also use many far away sensors to
achieve (K, ε) information coverage (K > 1) instead of using
only one nearby sensor for (1, ε) coverage. For example, target
T3 can be (3, ε)-covered by using sensors S1, S2 and S6. This
method may not be energy efficient for monitoring target T3

since it uses 3 sensors. However, it may be energy efficient
from viewpoint of the whole network. For example, if only
sensors S1, S2 and S6 are scheduled to be active, then T1 can
be (1, ε)-covered by S1; T2 be (2, ε)-covered by S1 and S2;
T4 be (1, ε)-covered by S6; T5 be (3, ε)-covered by S1, S2

and S6.
As discussed above, all targets may be information covered

by using only a fraction of all scattered sensors. Therefore,
sensors can be scheduled to monitor all targets alternatively
and the sensor network lifetime can be prolonged by schedul-
ing sensor activity. Let Ci denote a subset of S such that all

Fig. 2. Illustration of points coverage problem. There are 5 targets and 9
sensors in the field. Three targets (T1, T3, T4) can be physically covered and
two targets (T2, T5) should be information covered.

targets can be information covered by using all sensors in Ci

and let C denote a collection of subsets Ci, C = {C1, C2, ...}.
It is the application requirement that all targets should be
covered at all times. We note that different targets may be
covered by different numbers of sensors. Furthermore, we
emphasize that only part of sensors in Ci cannot fully cover
all targets. For example, sensors S1, S2 and S6 can form a
subset C1 = {S1, S2, S6} if and only if they can cover all
targets (as discussed above) and all the three sensors have to
be used for the coverage of all the targets. We note that Ci

and Cj need not to exclusive of each other, i.e., Ci

⋂
Cj 6= ∅

is allowed for i 6= j. Suppose that the time axis is divided
into contiguous intervals of equal duration. In each interval, a
subset Ci is first chosen from C; Then all sensors in Ci are
scheduled to be in the active state and all the other sensors go
into the energy efficient sleep state. A sensor k in the active
state (or the sensor is active) means that it needs to generate
its local measurement, i.e., xk and to periodically send xk

to a processing center every some time (much less than the
scheduling interval). Since sensors are assumed to be isotropic,
it may happen that some active sensors can determine the
occurrence of some event but cannot exactly tell where the
event is. However, this problem is not unique to information
coverage and also exists in the domain of physical coverage.
For example, consider that two targets are within the sensing
disk of a sensor. A sensor in the sleep state means that it needs
not to produce and to send measurements; hence energy can
be saved. Let C ≡ (C1, C2, ..., ) denote a sequence of subsets
by which subsets are selected sequentially in each interval
and only sensors in the selected subset are scheduled to be in
the active state. We note that subsets may be repeated in the
sequence, e.g., a subset Ci may appear twice in the sequence.
However, C is unique and not the repeat of its components.
Now we can formulate the point information coverage problem
as follows: Find a sequence C such that the network lifetime is



maximized if sensors are scheduled according to the sequence.
There are two main differences between the point infor-

mation coverage problem defined above with the set k-cover
problem defined in [6] and the disjoint set covers problem
defined in [7]. The first is that we use the notion of information
coverage instead of physical coverage used in [6][7]. The other
difference is that the subsets which are called set covers are
exclusive of each other, i.e., Ci

⋂
Cj = ∅, in [6][7]. It has

been shown in [6][7] that both the set k-cover problem and the
disjoint set covers problems are NP-complete problems. Due to
the use of information coverage and the non-exclusive subsets,
the point information coverage problem is more complex than
the two problems. Since the disjoint set cover problem can be
considered as a special case of our point information coverage
by simply assuming that only (1, ε) coverage is considered in
our problem, according to the restriction method [10], our
point information coverage problem is also NP-complete. In
the next section, we present a heuristic method to approxi-
mately solve the point information coverage problem.

IV. A HEURISTIC METHOD

The proposed heuristic is to compose an information cover
sequence by which only sensors in an information cover are
activated in an time interval and the covers are activated alter-
natively. The proposed heuristic is based on some motivations
from the greedy algorithm for the classic set covering problem
(e.g., [11] page 1033). The un-weighted version of the set
covering problem can be formally stated as follows: Given a
collection C = {C1, C2, ...} of subsets of a finite set T , we
say that C is a cover of T if every element in T belongs to
at least one subset in C. The minimum set covering problem
is to find a cover C∗ ⊆ C with the least size. The size of C∗

is defined as the number of sets it contains, rather than the
number of individual elements in these sets. The well-known
greedy algorithm is to choose an unused set that covers the
largest number of uncovered elements in each step. In our
heuristic method, the greedy algorithm will be modified by
including weights and be used for generating and selecting
covers. But before the generation and selection for covers, we
need to determine the possible information covers first, i.e., to
determine Ci; and after that, we need to compose covers into
the cover sequence, i.e., to form C.

We first sketch the steps of our heuristic method, and
then use a simple example to illustrate the main technical
details. The proposed method is called exhaustive-greedy-
equalized heuristic (EGEH) which consists of three steps. The
pseudo-codes for the EGEH are shown in Tables I, II and III.
The first step is to exhaustively search the possible coverage
combinations for each target and to unite them as a pool for
all targets. The second step is to greedily generate and select
covers from the above mentioned pool. The third step is to
compose the cover sequence in an equalized way such that
the number of occurrences of each sensor is almost the same
in the sequence. In the following, we use | · | to denote the
operation that returns the number of elements of a set (or a
tuple). For example, |S| returns the number of sensors.

TABLE I
EGEH STEP 1: EXHAUSTIVE SEARCH AND COMBINATION

(01) for each Tj ∈ T ,
(02) K = 1; Uj = ∅;
(03) while K ≤ KMax,
(04) W = combination(K,S);
(05) for a = 1 : |W|,
(06) if noninclusion(Uj , wa) and coverage(Tj , wa)
(07) Uj = Uj

U
wa;

(08) endif
(09) endfor
(10) K = K + 1;
(11) endwhile
(12) endfor
(13) U = ∅;
(14) for j = 1 : |T |, for a = 1 : |Uj |,
(15) if ua

j 6∈ U ,
(16) U = U

U
ua

j ; T (ua
j ) = {j};

(17) else T (ua
j ) = T (ua

j )
S
{j}; endif;

(18) endfor; endfor;

For each target Tj , let Uj denote the set of all possible
combinations of sensors such that Tj is information covered
by any element of Uj . The number of elements in the set Uj

is |Uj |. The elements of Uj are denoted as u1
j , u

2
j , ..., u

|Uj |
j

and an element itself is a subset of sensors, e.g., u1
j =

{S1}, u2
j = {S2, S3}. As discussed in Section II, if a point

is (k, ε) covered, then it is also (k + 1, ε) covered. Hence to
avoid repetition when searching for (k, ε) coverage, we require
that any element ua

j is not a subset of another element ub
j

and vice versa, i.e., ua
j 6⊆ ub

j and ub
j 6⊆ ua

j . This requirement
is referred to as non-inclusion condition. We note that this
condition does not mean the exclusiveness between ua

j and
ub

j , i.e., ua
j

⋂
ub

j 6= ∅ is allowed. For example, ua
j = {S2, S3}

and ub
j = {S2, S4}. The pseudo-codes for the construction

of Uj are lines 1 to 12 in Table I. The process is initialized
by setting Uj = ∅ and K = 1 (line 2). For each target, the
exhaustive search of all possible combinations is terminated if
the number of sensors to be selected is larger than a threshold
KMax (1 ≤ KMax ≤ |S|), i.e., we are only interested in at
most (KMax, ε) coverage. The function combination returns
the set of all combinations of using K sensors (line 4). Note
that an element wa in W is a subset of S. For example, when
K = 2, it returns W = {{S1, S2}, {S1, S3}, ..., {S2, S3}, ...}.
We then check the (K, ε) coverage for each combination
of K sensors (line 5). The function noninclusion checks
whether any element in Uj is a subset of wa and the function
coverage checks whether the target Tj can be (K, ε) covered
by using sensors in wa. If a combination wa satisfies the non-
inclusion condition and can (K, ε) cover the target (line 6),
then this combination is included into Uj (line 7). We use⊎

to denote the operation such that wa is included into Uj

as a single element. After the exhaustive search of possible
combinations for each target, we need to construct a pool
U for all combinations and for all targets (lines 13 to 18).
The set T (ua

j ) records all the targets that can be covered
by using all sensors in ua

j . Suppose that after the exhaustive



TABLE II
EGEH STEP 2: GREEDY COVER FORMULATION

(19) C = ∅; W = T ;
(20) while W == T ;
(21) c = ∅; V = T ;
(22) while V 6= ∅
(23) select an u ∈ U that maximizes |T (u)

T
V|

|u|−|c
T

u| ;
(24) V = V\T (u);
(25) U = U\u;
(26) c = c

S
u;

(27) endwhile
(28) if noninclusion(C, c), C = C

U
c; endif

(29) W = ∅;
(30) for a = 1 : |U|, W = W

S
T (ua); endfor

(31) endwhile

search of all coverage combinations for T1 and T2, we have
U1 = {{S1}, {S2, S3}, {S2, S4}, {S3, S4}, {S2, S5, S6}} and
U2 = {{S6}, {S2, S4}, {S3, S4}, {S1, S4, S5}}. Then the pool
U = {{S1}, {S2, S3}, {S2, S4}, {S3, S4},{S2, S5, S6}, {S6},
{S1, S4, S5}} and T ({S1}) = {1}, T ({S2, S3}) = {1},
T ({S2, S4}) = {1, 2}, and etc.

The next step is to produce a cover set C from U such that
each element of C can cover all the targets (lines 19 to 31).
Recall that for each u ∈ U , |u| is the number of sensors used
to cover |T (u)| targets. Therefore, |T (u)

⋂
V| is the number

of targets that have not been covered by c but can be covered
by selecting u and |u| − |c

⋂
u| is the number of sensors that

have to be added to c due to the selection of u. The selection
function |T (u)

T
V|

|u|−|c
T

u| can be considered as the marginal profit of
selecting u. In the case that |T (u)

⋂
V| > 0 and |u|−|c

⋂
u| =

0, the marginal profit is infinite, i.e., some uncovered targets
can be covered without using extra sensors. In the case that
|T (u)

⋂
V = 0| and |u| − |c

⋂
u| = 0, the marginal profit is

set as 0. In each pass to select a cover (lines 22 to 27), the
un-weighted greedy algorithm is modified to select a set that
maximizes the marginal profit. Ties are broken arbitrarily. The
meaning of ’greedy’ here has two folds: One is that a cover
is greedily selected (line 23); the other is that the pool U is
greedily reduced (line 25). The greedy exclusion of selected
u from U greatly simplifies the cover formulation; however,
it may also reduce the possible available covers. The sensors
in the selected u form a cover (line 26). However, it may
happen that a newly formed cover contains all sensors in a
previously formed cover. That is, only a fraction of sensors
in the formed cover can cover all the targets. In this case, the
newly formed cover is a redundant one and is not included into
the cover set (line 28). The cover formulation is terminated if
the remaining set u ∈ U cannot fully cover all targets (line
20, 29 and 30). Follow the example in the previous paragraph,
the formed covers are C = {{S1, S6}, {S2, S4}, {S3, S4}}.

The final step is to compose a cover sequence C =
(C1, C2, ..., ) by which sensors are scheduled to be in the
active state alternatively. Each cover Ci in C is selected from
C and hence can cover all the targets. Furthermore, if any one
sensor in a cover Ci fails, then not all targets can be covered.

TABLE III
EGEH STEP 3: EQUALIZED SEQUENCE COMPOSITION

(32) set F (Si) as the number of appearance of Si in C for all Si ∈ S
(33) set F (Cj) = max{F (Si) : for all Si ∈ Cj} for all Cj ∈ C;
(34) set FLcm = leastcommonmultiple(F (Cj), for all Cj ∈ C);
(35) set A(Cj) = FLcm/F (Cj), for all Cj ∈ C;
(36) set CLen =

P
Cj∈C A(Cj); C = nil; CPrev = ∅;

(37) while CLen > 0
(38) cmin =MAXINT;
(39) for j = 1 : |C|,
(40) if A(Cj) > 0
(41) if |Cj

T
CPrev| < cmin,

(42) a = j; cmin = |Cj
T

CPrev|;
(43) elseif |Cj

T
CPrev| == cmin and rand> 0.5,

(44) a = j; cmin = |Cj
T

CPrev|;
(45) endif endif
(46) endfor
(47) A(Ca) = A(Ca)− 1; CLen = CLen− 1;
(48) C = C

L
Ca; CPrev = Ca;

(49) endwhile

Since all sensors have the same power level at the time of
sensor deployment, we propose to use an equalized sequence
composition that tries to make each sensor appear equally and
evenly in the sequence (lines 32 to 49). The rationale is that
a cover with a sensor (or sensors) appeared many times in
other covers should have less appearances in the sequence.
Therefore, we first count the appearance of each sensor in the
cover set (line 32) and use the worst sensor appearance of a
cover as the cover weight (line 33). The number of appearance
for each cover is reversely proportional to the cover weight
(line 34 to 35). The length of the sequence in terms of the
number of covers is then computed as the sum of the number
of the appearances of all covers and some other initialization
are performed before composing the sequence (line 36). In
each pass of a cover selection, the process searches a cover
exhaustively from the cover set such that this cover has not
yet achieved its number of appearances in the sequence and
has the least number of sensors covered by the previous
cover in the sequence (lines 38 to 46). The function rand
uniformly generates a number with value between 0 and 1.
We use

⊕
to denote the operation that include a cover into

the cover sequence. This sequence composition process will
be terminated if the length of the sequence has achieved (line
37 and 49). Follow the previous example, we have A(C1) = 2,
A(C2) = 1 and A(C3) = 1 and CLen = 4. After the
step 3, the composed sequence is C = (C1, C2, C1, C3) =
({S1, S6}, {S2, S4}, {S1, S6}, {S3, S4}).

We note that if only physical coverage is used, then only
sensors S1 and S6 can cover the two targets and have to be
activated all the times. Therefore, the network lifetime of our
example by applying information coverage can be prolonged
at least two times longer than that by applying the physical
coverage.

The computation complexity of the heuristic is mainly from
the exhaustive search part. For example, suppose we have



N sensors and M targets. We need to examine information

coverage M ×
KMax∑
K=1

(N
K ) times for all targets. Furthermore,

the computation time for checking (K + 1, ε) coverage is
in general larger than that for checking (K, ε) coverage for
a point. Even with a simple assumption that computation
cost is the same for checking (K, ε) coverage for all K,
the computation complexity of the exhaustive search part
increases exponentially with the network size N . For example,
if KMax = N , the computation complexity is in the order
of M × 2N . When only considering physical coverage (i.e.,
KMax = 1), the complexity of the exhaustive search part is
in the order of M ×N , and is the same as that for checking
physical coverage. In the case of KMax = 1, our heuristic
is comparable to that proposed in [6] and less than that
proposed in [7]. When information coverage is considered, i.e.,
KMax > 1, the complexity of EGEH becomes much larger
than theirs. However, as pointed out in [7], this algorithm
is executed by a central control center only once and hence
trading off the running time in favor of more cover sets may
be justified. Furthermore, according to our related work in [9],
the system performance may not be significantly reduced by
selecting only nearby sensors and using small values KMax
(e.g., KMax = 6) for each target with a given sensor
density. Therefore, we may only need to consider to use
sensors nearby a target to examine its information coverage
instead of considering all sensors in the field and by which
the computation complexity can be greatly reduced with a
decreased network lifetime as a tradeoff.

V. NUMERICAL EXAMPLES

The proposed EGEH also applies to generate disjoint set
covers for physical coverage by simply setting KMax = 1.
The covers that cover part or all targets under the physical
coverage are called physical covers to distinguish from the
information covers. The exhaustive search and combination
algorithm first ensures that the physical covers each covering
partial or all targets in the pool U are disjoint. This is because
each target can only be (1, ε)-covered by individual sensors
and hence the physical covers in the pool U are individual
sensors. Furthermore, the greedy cover formulation algorithm
also ensures that the generated physical covers covering all
targets are disjoint since it removes each selected physical
cover from the pool.

We first compare the number of the disjoint physical covers
generated by our algorithm with the number of physical cov-
ers produced by the most constrained-minimally constraining
heuristic proposed by S. Slijepcevic and M. Potkonjak in [6]
(called as the SP heuristic hereafter). The SP heuristic was
designed for area monitoring. The area to be monitored is
divided into a number of fields such that all points of a field
are covered by the same set of sensors. By viewing every
field as a target, we can directly apply the SP heuristic for
generating disjoint covers each physically covering all targets.
The SP heuristic builds each cover by successively adding
the sensors that cover the sparsely covered parts of the area.

Fig. 3. The average number of physical covers vs the sensing radius (20
sensors and 4 targets in a square with side length of 5).

The selection priority is given to the sensors that (1) cover
a high number of uncovered targets; (2) cover more sparsely
covered targets; (3) do not cover targets redundantly and (4)
redundantly cover the targets which are not sparsely covered.

In the simulations, 20 sensors and 4 targets are randomly
scattered within a square sensing field with side length of 5. In
a simulation run, if the scattered sensors cannot cover all the
scattered targets, then no covers are generated. The average
number of generated physical covers are then averaged over
100 simulation runs. Fig. 3 compares the average number of
physical covers by EGEH and the SP heuristic against the
sensing radius. Not unexpectedly, the average number of phys-
ical covers increases with the increase of the sensing radius.
When the sensing radius increases, a sensor may cover more
targets. In other words, the network redundant sensors grows
and hence the more disjoint physical covers. It is observed
that our algorithm consistently generates more physical covers
than the SP heuristic. Furthermore, we notice that if we only
compare the greedy cover formation in EGEH and the cover
formation in the SP heuristic, the greedy cover formation
is easier to be implemented and requires less computations.
In [7], M. Cardei and D. Du have proposed to solve the disjoint
set physical covering problem by converting it to a maximum
flow problem based on a mixed integer programming. It has
also been reported that algorithm proposed by Cardei and Du
consistently performs slightly better than the SP heuristic. We
note that the proposed EGEH has comparable performance as
theirs, however, the complexity of EGEH is much less than
theirs.

Before we compare the network lifetime for information
coverage and physical coverage, we briefly introduce how to
determine (k, ε) coverage for a point and refer the reader to [3]
for details. Consider a special case that all noises are Gaussian
and independent. The sum of these noises is still Gaussian
with zero mean and variance σ̃2

K =
∑K

k=1 a2
kσ2

k, where ak =



BK/dα
k σ2

k and BK =
(

K∑
k=1

1/d2α
k σ2

k

)−1

. We further assume

that all noises have the same variance, i.e., σ2
k = σ2 for all

k = 1, 2.... Hence we have

Pr{|θ̃K | ≤ A} = 1− 2Q

(
A

σ
√

DK

)
, (2)

where DK = (
∑K

k=1 d−2α
k )−1 and Q(x) =

1√
2π

∫∞
x

exp(− t2

2 )dt. Define the sensing range of a single
sensor, Ds , as the distance where the estimation error
performance equals ε. Therefore, Ds satisfies Q( A

Dα
s σ ) = 1−ε

2 .
For simplicity, A can be set as βσ, β > 0. Here, we set
A = σ and choose a certain ε, and compute Ds as the sensing
range used to relate the physical coverage and information
coverage in a single sensor case, i.e., (1, ε) coverage is the
same as the physical coverage when the radius of any sensing
disk is Ds. Another way is to set A = σ and set Ds as the
unit for distance, and compute ε accordingly. Here, we set
Ds = 1, and hence ε = 0.683.

We assume that all sensors have the same energy level at
the time of the network setup. The time axis is divided into
contiguous intervals with equal duration. For simplification,
we assume that a fixed amount of energy is consumed in each
interval for an active sensor and no energy consumption for
a sleep sensor. A sensor is dead if its energy level is zero. A
cover is called invalid if any sensor of the cover is dead. Recall
that our cover formulation requires all targets can be covered
if and only if all sensors of the cover are active. Therefore, an
invalid cover leads to the mission failure (not all targets are
covered), although it may cover some targets. An invalid cover
is then no longer used and removed from cover sequence. The
network lifetime hence is defined as the duration in terms of
the number of intervals from the time when the network is
setup to the time when no valid cover is in the cover sequence.
To avoid trivialities, we require that all the randomly scattered
targets can be physically covered (i.e., (1, ε)-covered) by some
or all scattered sensors in each simulation run; If not, we re-
scatter sensors and targets. The average network lifetime is
then obtained from 100 simulation runs. To compare with
the physical coverage, the average lifetime gain is defined
as the average lifetime of using at most KMax sensors for
information coverage divided by the average lifetime of using
only 1 sensor for the physical coverage.

Fig. 4 plots the average lifetime gain against KMax for
different decay exponent. The lifetime gain is significant when
using the notion of the information coverage. Furthermore,
the higher values of KMax, the higher lifetime gain; and the
lower values of decay exponent; the higher lifetime gain. When
the information coverage is used, some sensors that cannot be
used for monitoring targets due to their distances to targets
larger than the sensing radius can now be used for monitoring
targets also, which increases the network lifetime. Further-
more, the number of sensors for the information coverage of
all targets can even be less than the number of sensors for the
physical coverage of all targets in some cases. For example,
a target is close to two sensors (but not within the sensing

2 3 4 5 6 7 8
1

1.2

1.4

1.6

1.8

2

2.2

2.4

2.6

2.8

3

Maximum number of senosr for coverage (KMax)

A
ve

ra
ge

 n
et

w
or

k 
lif

et
im

e 
ga

in

α=1.0
α=2.0
α=4.0

Fig. 4. Average network lifetime gain vs the maximum allowable number of
sensors used for monitoring each target (KMax) (20 sensors and 4 targets
in a square with side length of 5).
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Fig. 5. Average network lifetime of the approximation scheme vs the
maximum allowable number of sensors used for monitoring each target
(KMax) (20 sensors and 4 targets in a square with side length of 5).

radius of the two sensors) each physically covering a target;
Then this target may also be (2, ε)-covered by the two sensors
without incurring the activation of another sensor. Therefor,
the network lifetime can be prolonged when the information
coverage is used.

As discussed in the previous section, the exhaustive search
part is very time consuming and its computation complexity
increases exponentially with the number of deployed sensors.
We next simulate an approximation scheme which only consid-
ers sensors nearby a target for its information coverage instead
of considering all sensors in the sensor field. For each target,
only sensors in the disk centered at this target with a radius
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Fig. 6. Average network lifetime of the approximation scheme (R = 3.0) vs
the maximum allowable number of sensors used for monitoring each target
(KMax) (20 and 30 sensors and 4 targets in a square with side length of
5).

of R are used to information cover this target. Fig. 5 plots
the average network lifetime for different values of R. It is
not unexpected to observe that the network lifetime of using
smaller values R is smaller than that using larger values of
R. This is because that the chance for information covering a
target is reduced due to less available sensors nearby a target
when a smaller value of R is used. Fig. 6 compares the average
network lifetime for the approximation scheme when different
numbers of sensors are scattered into the field. It is seen that
the approximation scheme performs poorer when more sensors
are scattered. This indicates that the radius of R should be
increased for better approximation when the sensor density
increases.

VI. CONCLUDING REMARKS

Scheduling sensor activity is an effective way to prolong
network lifetime. This paper has studied the problem of
scheduling sensor activity, however, under the definition of
information coverage instead of the conventional definition of
physical coverage. We have proposed an exhaustive-greedy-
equalized heuristic to approximately solve the problem. Sim-
ulation results have shown that in the case of physical cov-
erage, the proposed heuristic performs better than an existing
algorithm in terms of the number of generated disjoint covers.
When information coverage is used instead of physical cover-
age, the network lifetime can be significantly improved.
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