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Abstract We consider information retrieval in a wire-
less sensor network deployed to monitor a spatially
correlated random field. We address optimal sensor
scheduling and information routing under the perfor-
mance measure of network lifetime. Both single-hop
and multi-hop transmissions from sensors to an access
point are considered. For both cases, we formulate the
problems as integer programming based on the theo-
ries of coverage and connectivity in sensor networks.
We derive upper bounds for the network lifetime that
provide performance benchmarks for suboptimal solu-
tions. Suboptimal sensor scheduling and data routing
algorithms are proposed to approach the lifetime up-
per bounds with reduced complexity. In the proposed
algorithms, we consider the impact of both the network
geometry and the energy consumption in communica-
tions and relaying on the network lifetime. Simulation
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examples are used to demonstrate the performance of
the proposed algorithms as compared to the lifetime
upper bounds.
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1 Introduction

In this paper we address the problem of lifetime maxi-
mization in a wireless sensor network deployed for the
reconstruction of a spatially correlated random signal
field [1]. Since it is often undesirable or infeasible to
replace or recharge sensors, the network lifetime is a
critical issue when designing wireless sensor networks
[2, 3]. The goal of this paper is to design an optimal
information retrieval scheme such that the signal field
can be reconstructed from the collected sensor mea-
surements within a given QoS requirement while the
network lifetime is maximized. We consider the prob-
lem under two transmission structures: single-hop and
multi-hop transmissions from sensors to the access
point. In the former, the design issue is sensor schedul-
ing: which subset of sensors should send their mea-
surements to the access point in each data collection.
The key idea is to minimize the number of sensors
scheduled for transmission in each data collection by
exploiting the spatial correlation of the signal field and
the redundancy in sensor deployment. In the latter,
we design sensor scheduling and information routing
jointly to maximize the network lifetime.

In the case of single-hop transmission, we formu-
late the problem of optimal sensor scheduling for life-
time maximization as the problem of searching the
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maximum number of subsets of sensors that cover the
monitored area. This is essentially a constrained cover-
age problem due to the total energy constraint at each
sensor. It can be formulated as an integer optimization
problem. To solve this problem, we observe that there
are two elements that have significant impact on the
network lifetime. One is the consumed energy by each
sensor for data transmission. The other is the network
topology. For example, sensors located in areas that are
sparsely covered should be treated differently even if
they have the same energy conditions as other sensors.

Base on these observations, we propose a greedy-
search based suboptimal method, in which we consider
both the network geometry and the energy consumed
by sensors in each data collection to prolong the net-
work lifetime. We also derive a network lifetime up-
per bound that can be computed with low complexity.
This upper bound is shown to be tight and provides a
performance benchmark for suboptimal algorithms.

In the case of multi-hop transmissions, in addition to
the sensor scheduling, we also need to design the infor-
mation routing. The joint design of sensor scheduling
and information routing is related to the problem of
coverage and connectivity in sensor networks. We ob-
serve that to maximize the network lifetime, scheduling
and routing cannot be treated as two separate prob-
lems. For example, certain sensor nodes have crucial
roles to cover some area; hence, to prolong the network
lifetime, we should schedule these nodes for sensing
only and avoid using them as relays in information rout-
ing. Therefore, the relation between scheduling and
routing should be studied carefully, and they should be
designed jointly to maximize the network lifetime.

We formulate the joint design as an integer program-
ming. In the problem formulation, instead of directly
designing the data transmission route for each sched-
uled sensor, we seek the optimal assignments of flow
to each link and data generation rate to each sensor
to maximize the network lifetime under the conditions
of flow conservation, energy limitation, and full area
coverage. A suboptimal algorithm for node scheduling
and data routing is proposed and its performance com-
pared with an upper bound that we have obtained.
The proposed joint design of scheduling and routing
is shown to achieve significant improvement over the
separate design approach.

We observe that in our work we assume sensors are
densely deployed in the wireless sensor network. An-
other method is to deploy “just-enough” sensors, each
equipped with multiple/extended batteries. However,
the wireless sensor network with the later deployment
will lose the robustness. This is because the sensor node
will be out of work not only because of the power but

also other reasons, e.g., physical damage. If only a very
small number of sensors cannot work, the whole sensor
network will lose function. Another disadvantage for
the “just-enough” sensor deployment is that it will
increase the wireless transmission distance and hence,
cost more energy.

1.1 Related Work

The problem of sensor scheduling to maximize the
lifetime of a wireless sensor network has been stud-
ied in [3–5] where distributed scheduling protocols are
proposed that exploit both channel state and residual
energy information. In [6] an upper bound of network
lifetime to achieve α portion of the area coverage is de-
rived. In [7] the authors devise a fully decentralized and
localized density control algorithm, the goal of which is
to maintain coverage using a minimal number of sensor
nodes. The methods in [8–10] focus on maximizing the
number of disjoint cover sets. A method for energy-
efficient target coverage is proposed in [11] that allows
sensors to participate in multiple cover sets. All of the
above work focuses on the coverage problem.

Some research work on energy efficient routing in
wireless sensor networks can be found in [12–14]. The
approaches in these papers are to find the path to the
destination that minimizes the total consumed energy.
In [15], the optimal flow assignment on each link to
maximize the network lifetime is studied. The problem
of sensor scheduling is not considered in the above
work.

Coverage based on multi-hop transmission has been
investigated in [7] and [16–20]. In [7] and [16], the au-
thors investigate the relationship between coverage and
connectivity and prove that the condition that the com-
munication range is at least twice of the sensing range
is both necessary and sufficient to ensure that the cov-
erage implies connectivity. In [17] and [18] the authors
address the optimization problem of selecting a mini-
mum set of sensors that ensures both coverage and con-
nectivity. They combine coverage and connectivity in a
single algorithm. However, network lifetime is not the
design objective. In [19] the authors consider the prob-
lem of connected target coverage to maximize the net-
work lifetime. They create a tree to represent the data
transmissions from sensors to the sink, and develop a
heuristic algorithm to maximize the number of such
cover trees. In this paper we address the problem of
area coverage. We formulate the routing problem into
energy constrained optimal flow assignment which is
more general than creating cover trees. In [20] the au-
thors also address the problem of maximizing network
lifetime while providing coverage and connectivity in
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wireless sensor networks. Different from the problem
formulation in this paper, the authors divide the sensor
nodes into mutually exclusive connected cover sets, and
they try to maximize the number of such sets. They
separate the original problem into two sub-optimal
problems and solve them individually.

2 Lifetime Maximization: Single-Hop Transmissions

We first address the lifetime maximization problem un-
der the situation that the data from each sensor are sent
to the access point through single-hop transmissions.
Our basic idea is that, considering the node redundancy
and the spacial correlation of the signal field, to prolong
the network lifetime, during each data collection, we
only select a subset of sensor nodes to transmit their
measurements. This set of sensors is chosen to guaran-
tee a certain QoS requirement. Therefore, our goal is to
optimally schedule the sensor nodes for each data col-
lection such that the signal field is reconstructed within
a given QoS and the network lifetime is maximized. In
this section, we first formulate the lifetime maximiza-
tion as a coverage-related problem; we then apply the
approach based on the theory of coverage to solve it.
The proposed method is a centralized algorithm carried
out at the access point.

2.1 Problem Formulation

Let D denote the area being monitored and S(D) the
random signal field. A network of sensor nodes with
fixed initial energy is deployed to monitor this area.
Our task is to reconstruct the signal field for a given
QoS requirement using sensor measurements collected
by an access point. We consider the following scenario:
based on the spatial correlation of the underlying signal
field, the specified QoS, and the reconstruction method,
if the access point receives a measurement from a sen-
sor located at point (x, y), it can reconstruct every point
in a r-radius disk centered at (x, y) for a given QoS
requirement. This scenario can be applied to a number
of sensor network applications. Under this scenario, we
define the network lifetime as the time duration from
the instant of the sensor network deployment to the in-
stant that the signal field S(D) cannot be reconstructed
with a given QoS requirement from the current live
sensors.

Based on the above assumption, we note that our
QoS specific information retrieval can be formulated
as a coverage problem. That is, we assume each sensor
has a coverage area of a disk with radius r; then, if
we can find a set of sensors such that the union of the

coverage areas of these sensors covers the whole region
being monitored, the field S(D) can be reconstructed
within a given QoS requirement. Hence, the network
lifetime can be redefined as the time interval from the
instant of the network deployment to the instant when
we cannot find a set of live sensors that covers the whole
area. Therefore, maximizing the network lifetime is
equivalent to searching for the maximum number of
cover sets with the energy constraint. Each cover set
corresponds to the set of sensors scheduled to collect
the data during each data collection. Here, the cover
set means a set of live sensors that covers the monitored
area, and we denote r the coverage range that is related
to a specific QoS requirement.

We assume N sensors {s1, . . . , sN} are randomly de-
ployed to cover the area D, and the i-th sensor has an
initial energy E(i)

0 and an r-radius disk coverage area.
We denote {C j, j = 1, . . . , K} a sequence of cover sets,
i.e., the sensors si’s in set C j satisfy
⋃

si∈C j

A(si) ⊃ D for j = 1, . . . , K, (1)

where A(si) represents the coverage area of si. In the
j-th data collection, measurements from the sensor
nodes in C j are collected. Then, the problem of max-
imizing the network lifetime for a given QoS can be
described as follows. Here we assume that a sensor is
dead only because it is out of energy.

Given an area D and a set of sensors {s1, . . . , sN}, find
a sequence of cover sets {C1, . . . , CK} such that

1. K is maximized,
2. for sensor si, (i = 1, . . . , N) appearing in the cover

sets {C1, . . . , CK}, the total consumed energy is no
larger than the initial energy E(i)

0 .

We define a boolean variable bij for i = 1, . . . , N and
j = 1, . . . , K, such that

bij =
{

1, si ∈ C j

0, si /∈ C j
. (2)

In each data collection, sensor si consumes energy E(i)
c

if it is scheduled for transmission. Clearly, E(i)
c depends

on the distance from sensor si to the access point. Then,
the above optimization problem can be formulated as:

Maximize K

subject to
⋃

{i|bij=1}
A(si) ⊃ D, for j = 1, . . . , K,

K∑

j=1

bijE(i)
c ≤ E(i)

0 , for i = 1, . . . , N,

where bij ∈ {0, 1}.
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The first condition represents that each set C j is
a cover set, and the second condition represents the
energy constraint of each sensor. In the following we
propose a sub-optimal method using greedy techniques
to solve this problem.

2.2 Network Lifetime Upper Bound

We first derive an upper bound for the network lifetime
to achieve full area coverage for the case that the
lifetime for each sensor is different. It is an extension of
the result in [6]. This upper bound provides a measure
for the performance of suboptimal methods. It also
represents some critical elements we should consider
when designing the scheduling.

To derive the upper bound, we first define a concept
of a subregion as follows [10].

Definition A subregion is a set of points such that two
points belong to the same subregion if and only if they
are in the coverage area of the same set of sensors.

An example of the subregion is shown in Fig. 1, in
which a rectangular area is divided by three sensors into
six subregions.

According to the definition of the subregion, we can
divide the whole monitored area into a set of disjoint
subregions {F1, . . . ,FL} such that

L⋃

l=1

Fl = D and Fi ∩ F j = ∅ for i �= j. (3)

A

B C

DE

F

Figure 1 A rectangular area is divided by three sensors into six
subregions.

Based on the relationship between subregions and sen-
sor nodes, we associate each subregion with a subset
Fl of all sensors that cover the subregion, i.e., Fl =
{sn1 , . . . , snl } where

Fl ⊂ A(si) for i = n1, . . . , nl. (4)

We observe that for subregion Fl, l = 1, . . . , L, during
each data collection, at lease one sensor sni ∈ Fl is
selected to transmit its measurement. We also have that
for sensor sni , its lifetime is define as
⌊

E(ni)
0

E(ni)
c

⌋
, (5)

which is the number of data collection that can be
provided by this sensor. Therefore, to reconstruct sub-
region Fl, at most Ml times of data collection can be
contributed by all the sensors covering that subregion,
where

Ml =
∑

sni ∈Fl

⌊
E(ni)

0

E(ni)
c

⌋
. (6)

Since we want to cover all the subregions, the network
lifetime is upper bounded by

min
Fl

∑

sni ∈Fl

⌊
E(ni)

0

E(ni)
c

⌋
. (7)

We note that if the lifetime of each sensor is the same,
the above lifetime upper bound is the same as the result
in [6].

From the above equation of the lifetime upper
bound, we observe that the subregions that are most
sparsely covered by the sensors play an important role
to prolong the network lifetime. Hence, when designing
the scheduling method, we try to identify the sparsely
covered subregions in the area and cover them first. By
doing this, we choose the most potential sensor nodes to
cover the critical subregions. We also try to prevent the
redundant coverage of the sparsely covered subregions
in one cover set.

2.3 A Greedy Approach for Lifetime Maximization

According to the above discussion, in this section, we
propose a greedy approach to solve the problem of
maximizing the number of cover sets. This algorithm
is carried out at the access point before each data
collection. Here we assume that the access point has
the information of the location and the residual energy
level of all the sensors. The basic procedure of the
proposed method is the following: we identify a critical
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subregion that is the subregion of most sparsely cov-
ered, and then select a sensor to cover it first. Among all
the sensors that cover the critical subregion, we choose
a sensor into the cover set according to certain criterion
that is based on the sensor’s residual energy, consumed
energy, and the redundance coverage. Applying this
method, we take into account both the network geom-
etry information and residual energy level of sensors to
design our scheduling scheme. The greedy approach is
presented as follows.

Step 1: Subregion creation

• Based on the position of live sensors and their
coverage range r, the whole area is divided into a
series of disjoint subregions {F1, . . . ,FL}.

• Each subregion is associated with a subset of the
sensors covering that subregion. And sensor si is
associated with a subset Si of subregions covered
by si, i.e., Si = {Fn1 , . . . ,Fni} such that

ni⋃

n=n1

Fn = A(si). (8)

Step 2: Cover set searching

The following two substeps are repeated until all the
subregions are covered. The output is a cover set C j for
the j-th data collection.

1. Critical subregions We select the critical subregion
as

Fc = arg min
Fl

∑

si∈Fl

⌊
E(i)

r

E(i)
c

⌋
(9)

where E(i)
r is the residual energy of sensor si before

the current data collection.
2. Sensor node selection

• In order to decrease the redundant coverage
of the sparsely covered subregions, we define
a redundance index vi of sensor si as

vi = the number of Fc|Fc ∈ Si, for i = 1, . . . , N.

(10)

That is, vi is the number of the selected critical
subregions covered by si.

• For the sensors covering the current critical
subregion, we first choose the sensors satisfying
vi = vmin, where vmin = min{v1, . . . , vN}.

• Among the selected sensors, we calculate a
value of a utility function f (·) based on the sen-
sor’s residual energy and the consumed energy.

The sensor with the greatest value is chosen
into the current cover set.

• The subregions covered by the selected sen-
sors are removed from the set of uncovered
subregions.

Step 3: Residual energy update

• For all the sensors in the current cover set, we
update their residual energy E(i)

r by deducting the
consumed energy E(i)

c at the current data collection
from the previous residual energy.

• If the residual energy of a sensor is less than the
required energy for a data collection, this sensor is
considered dead and removed from the set of live
sensors.

• If any sensors are removed from the set of live
sensors, the subregions and their associated rela-
tionship with sensors are updated.

Discussion In the above approach, in Sensor node
selection step, we only consider the sensors with the
minimum redundance index vi. This will decrease the
redundant coverage of the sparsely covered subregions.
Specifically, among all the sensors covering the current
critical subregion, if some of them do not cover any
previous selected critical subregions, vmin is zero, and
we choose a sensor from these nodes into the cover set;
if all the sensors cover the previous critical subregions,
then we select the sensor that cover the least number of
the previous critical subregions into the cover set.

We create the utility function f (·) using the residual
energy and the consumed energy. The possible choices
for the f (·) can be

f (si) = E(i)
r /E(i)

c , (11)

f (si) = E(i)
r − E(i)

c , (12)

f (si) = E(i)
r . (13)

In the next section, we compare the performance of
these utility functions via simulations.

2.4 Simulation Examples

In this section we evaluate the performance of the
proposed greedy approach to maximize the network
lifetime in the single-hop transmission case. In these
examples sensor nodes are randomly deployed in a
20 × 20 area; each sensor has a disk coverage area with
range r; and the initial energy for each sensor is the
same. We consider both cases that the consume energy
in each data collection by each sensor is the same and
different.
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In the first case, the lifetime of each sensor is the
same. We compare the performance of the proposed
method with the lifetime upper bound and three other
lifetime maximization methods: (i) we choose the utility
function to be the number of the uncovered subregions
covered by the sensor; (ii) most constrained least con-
straining (MCLC) method [10], which maximize the
number of disjoint cover sets; (iii) we randomly choose
the sensor to cover the critical subregion. In the pro-
posed method, we use the residual energy as the utility
function. The energy consumed for the wireless trans-
mission is proportional to the square of the distance.
We deploy N = 100 sensor nodes into the area and the
coverage range r = 5. We vary the initial energy E0,
and the result is shown in Fig. 2.

We observe that the performance of the proposed
method approaches the lifetime upper bound, which
demonstrates the near optimal performance of the pro-
posed method. Its performance is better than MCLC
and the method when we use the number of the uncov-
ered subregions as the utility function. And the method
with the randomly selected cover set has the worst
performance. We know that the method of selecting the
sensor node that covers the largest number of uncov-
ered subregions into the cover set provides us the cover
set with smaller number of sensors. Hence, we draw the
conclusion that for maximizing the network lifetime,
it is not always optimal to minimize the number of
sensors in each cover set. This observation agrees with
the result in [8].

In the second case, the lifetime for each sensor is dif-
ferent. We compare the performance of the proposed
method with the lifetime upper bound and two other
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Figure 2 Lifetime vs. initial energy for the case that the con-
sumed energy by each sensor is the same.

methods: (i) MCLC method; (ii) we choose the sensor
from the sensor nodes that cover the critical subregion
into the cover set randomly. In the proposed method,
we use the utility function f (si) = E(i)

r /E(i)
c . We also fix

the number of sensors and the coverage range and vary
the initial energy. The result is shown in Fig. 3.

From the result, we also find that the proposed
method has the near optimal performance and is much
better than the other two methods. Especially, we ob-
serve that comparing with the MCLC algorithm, the
performance of the proposed method has more sub-
stantial improvement than in the case that the lifetime
of each sensor is the same. The reason is that, in
MCLC method, the sensors are divided into mutually
exclusive cover sets, and these cover sets are activated
successfully. In the case that the lifetime of each sensor
is different, the functional time of each cover set is
determined by the sensor with the minimum lifetime in
that set. Therefore, the total network lifetime is much
smaller than the optimal value.

In the next example, we also consider the case that
the lifetime of each sensor is different. We compare
the performance of the proposed method when we
apply three utility functions, as shown in Eqs. 11–13.
The results are shown in Figs. 4 and 5. We first use
the network lifetime as a measure to compare these
three functions, and we find that the performance of
all these three functions is very close to the lifetime
upper bound, and the difference among themselves is
very small. When we enlarge the figure, we can still
find that the performance when we use utility function
E(i)

r /E(i)
c is better than E(i)

r − E(i)
c , which is better than
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Figure 3 Lifetime vs. initial energy for the case that the con-
sumed energy by each sensor is different.
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Figure 4 Lifetime vs. initial energy for the case the consumed
energy by each is different.

E(i)
r . This observation agrees with our previous results

in [4]. When we increase the number of deployed sensor
nodes and the coverage range, the difference among
them is more obvious.

We also use another measure, the network lifetime
divided by the total consumed energy by all sensors,
to compare the performance of these three utility func-
tions. That is, we use the network lifetime achieved by a
unit energy as a measure. The utility function E(i)

r /E(i)
c

has the best performance, and the performance of
E(i)

r − E(i)
c is better than only using the residual energy.

This observation represents that the method of using
E(i)

r /E(i)
c as a utility function is more energy efficient.
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Figure 5 Lifetime per unit energy vs. initial energy for the case
the consumed energy by each is different.
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Figure 6 Lifetime vs. coverage range for the case the consumed
energy by each is different.

In the last example, we study the performance of
the following three strategies to choose the critical
subregion:

Fc = arg min
Fl

∑

si∈Fl

⌊
E(i)

r

E(i)
c

⌋
, (14)

Fc = arg min
Fl

∑

si∈Fl

E(i)
r , (15)

Fc = arg min
Fl

∑

si∈Fl

1. (16)

The strategy in Eq. 14 is what we use in the proposed
method. The result is shown in Fig. 6. The performance
of the strategy in Eq. 14 is better than the others.
This can be explained as this strategy uses the sensor
residual energy, consumed energy, and the network
geometry information, while the other two strategies
use only parts of these elements.

3 Lifetime Maximization: Multi-Hop Transmissions

In this section, we address the problem of lifetime
maximization under the case that the data from each
sensor are sent to the access point through multi-hop
transmissions. Different from the case of the single-hop
transmission in Section 2, in addition to schedule the
sensors for data measuring to cover the whole area, we
also need to design the transmission route such that
the measured data can be sent to the sink through
multi-hop transmissions. Since each sensor is energy
constrained, our task is to optimally design the schemes
for scheduling and routing to maximize the network
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lifetime. Here, we define the network lifetime as the
number of data collections that can be processed from
the instant the sensor network is deployed to the instant
that either we cannot find a set of sensors that cover
the monitored area or the measured data in the cover
set cannot be transmitted to the access point. We first
formulate the problem as an integer programming; we
then derive a lifetime upper bound and propose a
suboptimal method to solve the problem. The proposed
approach is a centralized algorithm that is carried out at
the access point.

3.1 Problem Formulation

We assume a set of sensors S = {s1, . . . , sN} are ran-
domly deployed in a connected area D. Each sensor
has a coverage (sensing) range Rs and a maximum
communication range Rc. The sink (access point) is
denoted by sD. Such a sensor network and the sink can
be modeled as an undirected graph G = (V, X), where
V = S ∪ {sD} and X is the set of edges. There exists a
edge (i, j ) ∈ X between nodes si and s j if and only if
the distance between si and s j is within the maximum
communication range Rc.

In order to formulate the lifetime maximization
problem, we associate each data collection process
with a weighted undirected graph Gk = (Vk, Xk), k =
1, . . . , K, where K is the total number of data collec-
tions that can be supported by the whole sensor net-
work. In the vertex set Vk, we associate node si, i =
1, . . . , N, with a data generation function g(i)

k that is
defined as: during the k-th data collection, if sensor si

is selected for data measuring, g(i)
k = 1 (we assume all

the sensors generate the same length of measurement
packages); otherwise, g(i)

k = 0. In the edge set Xk, we
associate edge (i, j ) with a flow q(i, j )

k , which can be
positive number, negative number, or zero, defined as
follows.

• If q(i, j )
k = 0, there is no flow through the edge (i, j ).

• If q(i, j )
k > 0, there exists flow from node si to s j. The

amount of flow is |q(i, j )
k |.

• If q(i, j )
k < 0, there exists flow from node s j to si. The

amount of flow is |q(i, j )
k |.

The similar definition exists for q( j,i)
k that satisfies

q(i, j )
k = −q( j,i)

k . Here, we consider the scenario that the
transmission package cannot be split. Hence, q(i, j )

k is an
integer.

The problem is to maximize the network lifetime,
which is equivalent to maximizing the number of

possible data collections while guaranteeing certain
conditions. These conditions are coverage constraint,
flow conservation, and energy constraint, which are
formulated as follows based on the above graph model.

Coverage Constraint We denote by Ck the set of sen-
sors that are selected to measuring the signal field in the
k-th data collection, i.e.,

Ck = {si|si ∈ Vk and g(i)
k = 1}. (17)

Then, to satisfy the coverage condition, we require the
set Ck to be a cover set, which is defined in Eq. 1.

To simplify the formulation, following the same
procedures as in Section 2.1, we first divide the whole
monitored area into a set of disjoint subregions
{F1, . . . ,FL}; we then associate each subregion with a
subset Fl including all sensors covering the subregion,
Fl = {sn1 , . . . , snl }; after that, we can define a boolean
variable b (i)

k for i = 1, . . . , N and k = 1, . . . , K,
such that

b (i)
k =

{
1, si ∈ Ck

0, si /∈ Ck
. (18)

Hence, the coverage condition can be written as

∑

i:si∈Fl

b (i)
k ≥ 1, ∀l, for k = 1, . . . , K, (19)

which means in each cover set, there exists at least one
sensor that covers each subregion.

Flow Conservation The flow conservation condition
represents that for node si ∈ Vk − {sD}, the sum of the
incoming flows and the data generated by this node
equals the outgoing flows from this node. The flow
conservation guarantees that all the data measured by
the selected sensors can be sent to the access point
through multi-hop transmissions.

According to the definitions of q(i, j )
k and g(i)

k , the flow
conservation is formulated as

∑

j:s j∈S(i)

q(i, j )
k = g(i)

k ∀i ∈ Vk − {sD}, for k = 1, . . . , K,

(20)

where S(i) denotes the set of neighbors of si, i.e., S(i) =
{s j | (i, j ) ∈ Xk}.

To further understand the flow conservation (20),
we divide S(i) into two sets: S(i)

out,k and S(i)
in,k, where

S(i)
out,k represents the set of the neighbors that the flows
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leaving si go into, i.e., S(i)
out,k = {s j|q(i, j )

k > 0}; and S(i)
in,k

represents the set of the neighbors from which the flows
go into si, i.e., S(i)

in,k = {s j|q(i, j )
k < 0}. Then, the Eq. 20 can

be rewritten as

−
∑

j:s j∈S(i)
in,k

q(i, j )
k + g(i)

k =
∑

j:s j∈S(i)
out,k

q(i, j )
k , (21)

in which the first term represents the incoming flows
to si, the second term is the data generated by si, and
the term on the right hand side is the outgoing flows
from si.

Energy Constraint Sensor si has an initial energy E(i)
0 .

The energy constraint requires that during all the data
collections, the total consumed energy by sensor si can-
not be larger than its initial energy. Here, we consider
each sensor consumes energy in sensing, receiving, and
transmitting data.

• We denote es as the energy consumed by each
sensor to measure a package of data. Then, in the
k-th data collection, the energy consumed by si for
data sensing is es · g(i)

k .
• We denote er as the energy consumed to re-

ceive a package. Then, in the k-th data collection,
the energy consumed by si for data receiving is

er ·
(
− ∑

j:s j∈S(i)
in,k

q(i, j )
k

)
.

• We denote e(i, j )
t as the energy consumed to transmit

a package from node si to s j, which is related to the
distance between si and s j. Here, we use the energy
transmission model

e(i, j )
t = εt + α · dβ

ij (22)

where εt represents the energy dissipation of the
transmitter electronics, dij is the distance between
si and s j, and β is the path loss factor. Then, in the
k-th data collection, the energy consumed by si for
data transmission is e(i, j )

t · ∑
j:s j∈S(i)

out,k
q(i, j )

k .

Then, in the k-th data collection, the total energy con-
sumed by si, denoted by E(i)

u,k, is

E(i)
u,k = es · g(i)

k − er ·
∑

j: j∈S(i)
in,k

q(i, j )
k + e(i, j )

r ·
∑

j: j∈S(i)
out,k

q(i, j )
k .

(23)

Then, the energy constraint condition is formulated as

K∑

k=1

E(i)
u,k ≤ E(i)

0 , ∀si ∈ Vk − {sD}. (24)

Hence, the energy constrained network lifetime
maximization problem based on connected coverage
can be presented as: Given an area D, an access
point sD, and a set of networked sensors {s1, . . . , sN},
which is modeled as an undirected graph G(V, X), find
a sequence of undirected weighted graphs {G1(Vk, Xk),

. . . , GK(Vk, Xk)} such that K is maximized, and the
coverage condition, flow conservation, and energy con-
straint are satisfied. Mathematically, this optimization
problem can be formulated as

Maximize K

Subject to
∑

i:si∈Fl

b (i)
k ≥ 1, ∀ l, for k = 1, . . . , K;

∑

j:s j∈S(i)

q(i, j )
k = g(i)

k , ∀si ∈ Vk − {sD}, for k = 1, . . . , K;

K∑

k=1

E(i)
u,k ≤ E(i)

0 , ∀ si ∈ Vk − {sD};

b (i)
k ∈ {0, 1}, g(i)

k ∈ {0, 1}, q(i, j )
k is integer.

This optimization problem is an integer program-
ming. In the following, we first derive an lifetime upper
bound to achieve full area coverage and connectivity
under the condition that the communication range Rc is
no less than twice the coverage range Rs. We then pro-
pose a suboptimal method for lifetime maximization.

3.2 Network Lifetime Upper Bound

In this section, we derive an algorithm to compute a
lifetime upper bound for the above optimization prob-
lem. This upper bound provides a benchmark to the
suboptimal methods for network lifetime maximiza-
tion. To derive the upper bound, we consider the sce-
nario that the sensor’s maximum communication range
is no less than twice of the sensor’s coverage range, i.e.,
Rc ≥ 2Rs. This condition is both necessary and suffi-
cient to ensure that the coverage implies the connectiv-
ity [7]. Therefore, we redefine the network lifetime as
the time span from the instant the network is deployed
till the instant we cannot find a sensor set covering the
whole area or the sensors in the cover set do not have
enough energy to transmit the measured data to the
sink. The algorithm is derived as follows.

We first divide the whole area into a set of disjoint
subregions {F1, . . . ,FL}. We associate subregion Fl

with a subset Fl of all sensors covering Fl, i.e., Fl =
{s(l)

1 , . . . , s(l)
Nl }. The basic idea of the proposed algorithm

is that: first, we calculate a lifetime upper bound for
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each subregion (the upper bound for each subregion
is also an upper bound for the whole sensor network);
then, we find the minimum value among all these upper
bounds. This minimum value is the final lifetime upper
bound for the whole sensor network. Here, we define
the lifetime of a subregion as the number of data col-
lections that can be supported by the energy of all the
sensors covering the subregion.

To cover subregion Fl, at least one sensor s(l)
i ∈ Fl

should be selected to do measuring and transmission,
and this sensor may also be used as a relay for the data
transmission of other sensors. Hence, in order to derive
the lifetime upper bound, we first find a path that costs
minimum energy for the data transmission from s(l)

i to
sD. The basic procedure of the algorithm is as follows.

Step 1: For subregion Fl, find a path for s(l)
i ∈ Fl, con-

sisting of only the sensors in Fl, that consumes
minimum energy to transmit data from s(l)

i
to sD.

Step 2: Based on the above obtained minimum energy
paths, calculate the lifetime upper bound of
subregion Fl.

Step 3: Among all the upper bounds for subregions
{F1, . . . ,FL}, find the minimum value, which
is the derived lifetime upper bound for the
whole sensor network.

The step 1 and step 2 are discussed in details as
follows.

Minimum Energy Path

For sensor s(l)
i ∈ Fl, its measurement is transmitted to

the sink sD through a path P that is in the form

P = (s(l)
i , . . . , s(l)

j , sk, . . . , sD) (25)

where, {s(l)
i , . . . , s(l)

j } ⊂ Fl, and sk /∈ Fl. Then, our prob-

lem is, among all the possible paths P = (s(l)
i . . . s(l)

j )

that consist of only the sensors in Fl, we look for the
minimum energy path P(l)

i , associated to sensor s(l)
i , that

consumes the minimum transmission energy.
To derive an algorithm to find this minimum energy

path P(l)
i , we first define a set that includes the sensors

nearest to the sensors in Fl. We denote this set as S(l)
C .

This set can be calculated as: for each s(l)
i ∈ Fl, we find

a sensor s(l)
C,i such that

s(l)
C,i = arg min

s∈S−Fl

dist
(

s, s(l)
i

)
. (26)

Then, we obtain S(l)
C = {s(l)

C,1, . . . , s(l)
C,Nl }. Here, we assume

all s(l)
C,i’s are distinct. Otherwise, we only keep one s(l)

C,i in

the set for all same s(l)
C,i’s. Hence, to find P(l)

i , we only

consider the candidate paths (s(l)
i , . . . , s(l)

j , sk), where

{s(l)
i , . . . , s(l)

j } ⊂ Fl, and sk ∈ S(l)
C ∪ {sD}. This result is

based on the following proposition.

Proposition For any paths P(l)
i,m =(s(l)

i , . . ., s(l)
j , sm) where

{s(l)
i , . . . , s(l)

j } ⊂ Fl, and sm ∈ S − Fl, we can always find

a path P(l)
i,k = (s(l)

i , . . . , s(l)
h , sk) where {s(l)

i , . . . , s(l)
h } ⊂ Fl,

and sk ∈ S(l)
C such that the transmission energy of P(l)

i,k is

smaller than or equal to that of P(l)
i,m.

Therefore, for each s(l)
i ∈ Fl, we can find its associ-

ated minimum energy path P(l)
i , which costs minimum

energy of the sensors in Fl to send the measurements
from s(l)

i to sD through multi-hop transmissions. As an
output, we have a list of such paths: P(l)

1 , . . . , P(l)
Nl .

Lifetime Upper Bound of Subregions

Based on the minimum energy paths, we derive a
lifetime upper bound for subregion Fl, l = 1, . . . , L.
For the minimum energy paths {P(l)

1 , . . . , P(l)
Nl } obtained

above, we denote E(l)
i as the transmission energy of

path P(l)
i , i = 1, . . . , Nl. Then, we find the path P(l)

m
that has the minimum transmission energy, i.e., m =
arg mini E(l)

i , which means E(l)
m is the minimum energy

costed by the sensors in Fl to transmit the data from
any sensor in Fl to the sink. Then, the lifetime upper
bound of the subregion Fl is obtained as
∑

{i:si∈Fl} E(i)
0

E(l)
m

, (27)

where
∑

{i:si∈Fl} E(i)
0 is the total initial energy of the

sensors covering subregion Fl.
Therefore, the upper bound for the whole sensor

network is

min
Fl

∑
{i:si∈Fl} E(i)

0

E(l)
m

. (28)

Computational Complexity For subregion Fl, there
are Nl sensors covering this subregion. For each s(l)

i ∈
Fl, we first find a minimum energy path to sink sD

consisting of only the sensors in Fl. We can use
Dijkstra’s algorithm to find such a path, the compu-
tational complexity of which is O(N2

l ) [22]. Since we
need to find a minimum energy path for all s(l)

i ∈ Fl, the
computational complexity is O(N3

l ). It can be verified
that the number Nl is in the order of (π R2

c/|D|) · N,
where N is the number of deployed sensors, |D| is
the size of the monitored area, and π R2

c is the size
of the coverage area of each sensor. The number of
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subregions is in the order of N2. Therefore, the to-
tal computational complexity is O{((π R2

c/|D|) · N
)3 ·

N2} = O{(R2
c/|D|)3 · N5}.

3.3 Joint Design of Scheduling and Routing

In this section, we derive a suboptimal method for joint
design of scheduling and routing to maximize the net-
work lifetime. This algorithm is carried out at the access
point before each data collection. Here we assume that
the access point has the information of the location and
the residual energy level of all the sensors. We evaluate
the performance of this suboptimal method by com-
paring the result with the above derived lifetime upper
bound. This method is based on our observation that
the network lifetime is determined by the subregions
that have small lifetime. We call those subregions with
small lifetime the sparsely covered subregions.

The basic idea of the proposed suboptimal method is
similar with the lifetime maximization method for the
single-hop transmission case. That is, we first identify
the most sparsely covered subregion (critical subre-
gion), and cover it first. Among all the sensors that
cover the critical subregion, we find a sensor and the
corresponding path from that sensor to the sink to
cover the critical subregion according to certain crite-
rion. This criterion is related to the energy and geome-
try information of the sensors. The main procedure of
the method is described as follows.

1. We create a communication network among all the
live sensors and the sink, and divide the whole
monitored area into a set of disjoint subregions.

2. We identify a critical subregion according to certain
criterion.

3. Among all the sensors covering the critical subre-
gion, we choose a sensor for data measuring and
determine its associated path to the sink according
to certain criterion.

4. We remove all the subregions covered by the cho-
sen sensor from the set of the uncovered subre-
gions. We repeat the above two steps until there is
no uncovered subregions.

5. We update the residual energy of the sensors se-
lected for sensing and relaying. If the live sensors
can still cover the whole area, we repeat the above
steps to find another set of sensors for the next data
collection; otherwise, the lifetime of the network is
reached.

The flow chart of the method is shown in Fig. 7. In this
method, we need to answer two key questions: (i) how

do we identify a critical subregion? (ii) how do we select
a covering sensor and a path from this sensor to the
sink? These questions are addressed as follows.

Critical Subregion We define the critical subregion as
the subregion with the minimum residual lifetime. The
residual lifetime of a subregion is the maximum number
of data collections to reconstruct the subregion that can
be provided by the residual energy of sensors covering
that subregion. Since it is difficult to compute the exact
lifetime of a subregion, we use an upper bound to
replace the lifetime. We use the residual lifetime upper
bound for subregion Fl as

∑

i∈Fl

E(i)
r

E(i)
c

(29)

where, E(i)
c = e(i,in)

t represents the energy consumed for
transmission from node si to sin , and sin is the node that
is nearest to si. Therefore, the critical subregion Fc is

Fc = arg min
Fl

∑

i∈Fl

E(i)
r

E(i)
c

. (30)

Covering Sensor and Transmission Path When we
identify a critical subregion, the next step is: among all
the sensors covering the critical subregion, we choose a
sensor according to certain criterion to reconstruct the
critical subregion; we also determine a path from the
selected sensor to the sink for the data transmission. In
the proposed method, we first define a cost for each link
in the communication network; then, for each sensor
covering the critical subregion, we find a minimum cost
path from that sensor to the sink; the sensor whose path
has the minimum cost is selected to cover the critical
subregion, and the corresponding minimum cost path is
selected for data transmission. Here, the cost of a path
is defined as the sum of the cost of all the links in that
path.

The definition of the cost of a link closely relates to
the problem that which sensors we should choose as
sensing and relaying in the current data collection such
that we can prolong the network lifetime. We consider
both the sensor’s energy information and geometry
information. We favor the sensors with larger amount
of residual energy to be chosen into the data collec-
tion; we favor the path consumed smaller amount of
energy for data transmission from the sensor to the
sink. We observe that the sensors covering the critical



396 J Sign Process Syst (2009) 57:385–400

Figure 7 Flow chart of the
suboptimal algorithm for
lifetime maximization.
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subregions have crucial roles to prolong the network
lifetime. Hence, if a sensor is important to cover a
critical subregion, we intend not to select that sensor
as relays.

Based on the above discussion, for a link (i, j ), we
consider the following local sensor parameters to define
the cost:

• e(i, j )
t : unit transmission energy from node si to s j.

• E(i)
r , E( j )

r : current residual energy of sensor si and s j,
respectively.

• c(i)
r , c( j )

r : critical values of sensor si and s j,
respectively.

The critical value of a sensor relates to the importance
of that sensor to cover critical subregions. The smaller
the critical value, the more important it is. The critical
value of sensor si is defined as follows.

We denote Si = {Fn1 , . . . ,Fni} as a set of subregions
covered by sensor si. For subregion Fnl ∈ Si, we denote
L(nl)

r as its residual lifetime

L(nl)
r =

∑

j∈Fnl

E( j )
r

E( j )
c

(31)

where, the consumed energy E( j )
c of s j is defined the

same as in Eq. 29. Then, we define the critical value
c(i)

r as

c(i)
r = min

nl∈{n1,...,ni}
L(nl)

r . (32)

If a sensor is important to cover certain critical sub-
regions, we tend to prevent selecting it into the trans-
mission path. Hence, we favor the sensors with larger
critical values.

According to the above discussion, we define the link
cost as

cost(i, j ) =
(

e(i, j )
t

)x1 · (E(i)
r

)−x2 · (c(i)
r

)−x3 + (er)
y1

· (E( j )
r

)−y2 · (
c( j )

r

)−y3
. (33)

Here, er is the unit receiving energy. The values xk and
yk, k = 1, 2, 3, are integer constants. They represent the
weights of each parameters.

Computational Complexity To find a cover set and the
corresponding paths, we apply two steps: (i) identifying
a critical subregion and (ii) finding the minimum cost
path. When N sensors are deployed, the number of sub-
regions is in the order of N2; hence, to identify a critical
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subregion, the computational complexity is O(N2). To
find the minimum cost path, we can use Dijkstra’s
algorithm, the computational complexity of which is
O(N2) [22]. These two steps are repeated until all
subregions are covered. The number of the iterations
is approximately in the order of |D|/(π R2

c). Therefore,
the total computational complexity is O{(|D|/R2

c) · N2}.

3.4 Simulation Examples

In this section we use numerical examples to evaluate
the performance of the proposed method for network
lifetime optimization in the multi-hop transmission
case. In these examples sensor nodes are deployed in a
20 × 20 area randomly following a uniform distribution.
Each sensor has a disk coverage area with range Rs and
a maximum communication range Rc = 2Rs. The initial
energy for each sensor is the same. For the energy
consumption due to the transmission, we use the model
that e(i, j )

t = α · dβ

ij (see Eq. 22 for the notations). Here,
we set α = 0.01 and β = 2. In the cost function, the
parameters xk and yk, k = 1, 2, 3, are all set to 1. Each
value in the figures is obtained by averaging the results
of 100 randomly generated network topologies.

In the first example, we study the performance of
the proposed algorithm to derive the network lifetime
upper bound. We compare the derived upper bound
with another upper bound obtained by minimum trans-
mission energy (MTE) algorithm. This method is also
based on dividing the monitored area into a set of
disjoint subregions. In MTE, the lifetime upper bound
of subregion Fl is derived as

∑

i∈Fl

E(i)
0

E(i)
c

(34)

where E(i)
0 is the initial energy of sensor si, and E(i)

c is the
transmission energy from si to its nearest node. Hence,
E(i)

0 /E(i)
c is an upper bound of the number of data

collections that can be supported by sensor si (we omit
the energy consumed for data measuring). Therefore,
it is easy to verify that Eq. 34 is a lifetime upper bound
of subregion Fl. Then, the lifetime upper bound of the
whole sensor network is

min
Fl

∑

i∈Fl

E(i)
0

E(i)
c

. (35)

The result of the comparison of the upper bounds
obtained by the proposed method and by MTE with re-
spect to the number of sensors is shown in Fig. 8. Here
we set the coverage to be 4 and the initial energy to be
15. From this result we observe that both upper bounds

.
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increase with the number of the deployed sensors, as
we expected. And the upper bound obtained by the
proposed method is much tighter than the upper bound
obtained by MTE. This is because in MTE we consider
only the minimum energy consumed by a single sensor;
however, in the proposed method, we consider the
minimum energy consumed by all the sensors covering
the subregion for data transmission.

In the second set of examples, we study the perfor-
mance of the proposed suboptimal method to maximize
the network lifetime. We compare the result with the
lifetime upper bound. We also compare the perfor-
mance of the proposed approach with a separate design
method. In the separate design method, we separate the
design of the sensor scheduling and information rout-
ing to maximize the network lifetime. For the sensor
scheduling, we use the method in Section 2.3 to select
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the sensors into the cover set. For the routing, we use
the minimum energy path [15] to send the measured
data from the sensors to the sink. We first compare the
obtained lifetime with the upper bound with respect to
the initial energy of the sensor. The results are shown
in Figs. 9 and 10. Here, we set the coverage range to
be 4 and the number of sensors to be 100. We observe
that the lifetime achieved by the proposed joint design
method is close to the upper bound. When the initial
energy increases, the performance decrease slightly.
We also observe that the proposed joint design has
substantial performance improvement comparing with
the separate design method, which can achieve below
40% of the upper bound. The same observation can be
found when we compare the performance with respect
to the coverage range and the number of sensors. The
comparison results are shown in Figs. 11 and 12. We
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also observe that some other parameters also have
effects on the performance of the method. For example,
when we increase the path loss factor, the performance
becomes a little worse.

4 Conclusions

We studied the problem of network lifetime maxi-
mization for QoS specific information retrieval for the
reconstruction of a spatially correlated signal field in a
wireless sensor network. We considered two wireless
transmission cases. In one case, we assumed there exist
single-hop transmissions between sensors and the ac-
cess point, and we designed the optimal sensor node
scheduling scheme. In another case, the measurements
are sent to the access point through multi-hop transmis-
sions, and we jointly designed the sensor scheduling and
information routing to maximize the network lifetime.
To address both of these problems, we first formulated
the problems as integer programming based on the
theories of coverage and connectivity in sensor net-
works. We then derived upper bounds for the network
lifetime that provide measures for the performance of
suboptimal methods. After that, we proposed subop-
timal methods for node scheduling and data routing
to maximize the network lifetime. In the future work,
we will consider the effect of the transmission channel
fading on the network lifetime. Under that case, the
transmission energy by each sensor is a random vari-
able. We will study other random field models and the
corresponding network lifetime maximization methods.
The method we consider here is a centralized ap-
proach. We will also consider developing a distributed
implementation.
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