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Abstract—In this paper, we address the maximal lifetime
scheduling problem in sensor surveillance systems with direc-
tional sensors. The sensors are directional in sensing objects (or
watching targets) and their sensing orientations can be adjusted
dynamically. Given a set of sensors and a set of targets in a
plane, each target needs to be watched all the time and a sensor
can watch all the targets within its sensing range. The problem
of our concern is to schedule the sensors to watch all the targets
and transmit the sensed data to the base station, such that the
lifetime of this surveillance system is maximized. The lifetime
is the duration up to the time when there exists a target that
cannot be watched by any sensor or the sensed data cannot be
transmitted to the base station due to the depletion of energy of
some sensors. This problem is NP-hard. We propose a heuristic
method that divides the system lifetime into sessions and the
sensors are scheduled to work in turn in these sessions. The
heuristic method consists of two steps: 1) selecting sensors to
work for each session; 2) scheduling the length of each session
such that the total working time for all sessions is maximized.
Extensive simulations have been conducted to demonstrate that
our proposed method can significantly improve the lifetime of
the system.
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I. INTRODUCTION

There are many sensor network applications that use
directional sensors, such as video sensors [1], [2], smart
camera sensors [3], [4], ultrasonic sensors [5] and infrared
sensors [6]. Unlike omni-directional sensors whose sensing
range is modeled as a disk, directional sensors can only sense
objects in one orientation. The sensing area of a directional
sensor can be modeled as a sector with angle 𝜃, as shown
in Fig. 1. There are three directional sensors 𝑠1, 𝑠2, 𝑠3 and
six targets 𝑜1, 𝑜2,..., 𝑜6 in Fig. 1. The sensing orientation
of a sensor can be dynamically adjusted to face a certain
direction. The sensors can also communicate with each other
and they need to send the sensed data to the base station.
Although there are research works on directional sensor
networks, most of them focus on coverage issue, such as
[7], [8], [9], [10], [11], [12]. There is little work considering
both coverage and communication cost in directional sensor
networks.

The problem that we investigate in this paper is as follows.
Given a set of directional sensors and a set of targets in a
plane, each target needs to be watched all the time and a

Fig. 1. Directional sensors and targets

sensor can watch all the targets within its sensing area. Each
sensor has an initial energy reserve. Our task is to schedule
the sensors to watch the targets in turn and transmit the
sensed data to the base station, such that the lifetime of
the system is maximized. The lifetime is the duration up to
the time when there exists a target that cannot be watched
by any sensor or the sensed data cannot be transmitted to
the base station due to the depletion of energy of some
sensors. This problem is NP-hard. We propose a heuristic
method that divides the system lifetime into sessions and
the sensors are scheduled to work in turn in these sessions.
The heuristic method consists of two steps: 1) selecting
the sensors that work for each session. The sensor nodes
working in each session form a connected network to the
base station. 2) scheduling the length of each session such
that the total working time for all sessions is maximized.
In the second step, the scheduling problem is formulated
by linear programming (LP) and the optimal result can
thus be obtained. Simulation results show that by using
our algorithms, the network lifetime is significantly larger
than that using random selection and the approach without
session scheduling.

This paper has the following original contributions: 1) we
consider both coverage and network connectivity in direc-
tional sensor networks; 2) our energy cost model includes
sensing cost, data receiving cost and data transmitting cost;
3) we consider energy cost in both data aggregation and non-
aggregation models. The rest of this paper is organized as
follows. Section II is related work and Section III is the prob-
lem statement. In Section IV, we propose our algorithms.
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Simulation results are in Section V and we conclude our
work in Section VI.

II. RELATED WORK

There are some existing scheduling algorithms to prolong
the lifetime of omni-directional sensor networks. The basic
idea of these algorithms is to activate sensor nodes in turn
to save the energy. In [13], Liu et al. assumed that every
sensor can watch at most one target at each time. They used
linear programming to determine the workload matrix and
decomposed it into a series of scheduling matrix to achieve
the maximal lifetime. This work was extended in [14] by
taking the communication cost into consideration. In [15],
Tian and Georganas proposed a localized scheduling scheme
to turn off the node when its neighbors can help it to watch
the area. In [16], Cardei et al. organized the sensors into
different cover sets and activated them successively. All the
targets could be watched by each cover set.

Recently, some works have been done in directional
sensor networks. In [7], Fusco and Gupta proposed a greedy
algorithm to select a minimum number of directional sen-
sors and assigned orientations to them to make sure the
given area was 𝑘-covered. In [8], Ai and Abouzeid used
greedy algorithms and protocol to select minimum number
of sensors to cover maximal targets in randomly deployed
directional sensor networks. In [10], Ma and Liu addressed
the coverage problem of deploying directional sensors for
a given probability. They also examined and repaired the
connectivity of directional sensor networks. In [11], Han et
al. presented approximation algorithms to solve the problem
of deploying a minimum number of directional sensors to
cover targets or entire area with connected networks.

In [9], [12], Cai et al. addressed the multiple directional
cover sets problem to prolong the lifetime of the direc-
tional sensor networks. They organized sensor directions into
different cover sets and allocated working time to them.
Our paper differs from it in the following three aspects.
First, in [9], [12], the number of sensing directions of each
directional sensor was fixed, which meant sensors could
only switch among these directions. This limitation in our
paper does not exist. Second, [9], [12] only considered
the coverage of directional sensor networks, but we take
the connectivity issue into consideration as well. Third, the
communication cost between sensors was not considered in
[9], [12]. In [9], [12], the energy consumption of sensors in
the same cover set was the same which was not practical
in real applications, but in our paper, we deal with the
difference of energy consumptions among sensors in the
same working set.

III. PROBLEM STATEMENT

Given a set 𝑂 of 𝑚 targets, a set 𝑆 of 𝑛 directional
sensors and a base station in a two-dimensional Euclidean
plane, each target needs to be watched all the time and a

sensor can watch all the targets within its sensing area. All
sensors are directional in watching targets and its sensing
area is modeled as a sector with the angle 𝜃. Each sensor
𝑠𝑖 has initial energy reserve 𝐸𝑖. Our task is to schedule the
sensors to watch all the targets and transmit the sensed data
to the base station, such that the lifetime of the network is
maximized.

We divide the network operation time into 𝐾 sessions.
The network stops functioning when there exists one target
cannot be watched by any sensor or the sensed data cannot
be forwarded to the base station due to the depletion of
energy of some sensors. Let 𝑡𝑘 denote the length of session
𝑘, 𝑘 = 1, ...,𝐾. In each session, we first select a subset
of sensors to watch all the targets. Let 𝐶𝑘 denote this
subset as cover set, 𝑘 = 1, ...,𝐾. If sensors in 𝐶𝑘 are
not interconnected to the base station, we then need to add
some relay nodes to make them interconnected. We define
the interconnected subset as connected working set, denoted
as 𝑊𝑘, 𝑘 = 1, ...,𝐾. Let 𝑒𝑖𝑘 denote energy consumption per
unit time of sensor 𝑠𝑖 in session 𝑘, 𝑖 = 1, ..., 𝑛;𝑘 = 1, ...,𝐾.
𝑒𝑖𝑘 is different in different sessions, depending on the role
𝑠𝑖 plays in the session. Sensor 𝑠𝑖 could sleep, sense, receive
and transmit data, or purely relay data (without sensing)
in a session. For example, sensor 𝑠𝑖 which is outside 𝑊𝑘

goes to sleep, and the energy cost is zero. Sensors inside
𝑊𝑘 participates in watching targets or relaying data, and
consumes some energy. The objective is to maximize the
lifetime of network 𝑡1 + 𝑡2 + ...+ 𝑡𝐾 , subject to the energy
constraint for each sensor 𝑠𝑖, 𝑒𝑖1𝑡1+𝑒𝑖2𝑡2+...+𝑒𝑖𝐾𝑡𝐾 ≤ 𝐸𝑖.

IV. PROPOSED ALGORITHM

To solve the problem, we first propose an algorithm to
divide network operation time into sessions and in each
session, some sensors are selected as a connected working
set. Then, we use linear programming to schedule working
time for each session to maximize the total network lifetime.

A. Computing K sessions

To divide the network operation time into sessions, we
assume all sessions are of the same length Δ𝑡. The length
of Δ𝑡 will affect the performance of our algorithm (which
will be discussed later). We take a greedy method to select
the sensor nodes that work for each session. Sensors are
sorted in descending order according to their residual energy.
We start from the sensor with the highest residual energy,
and adjust its sensing orientation to a direction that covers
the most number of uncovered targets. Then we pick the
sensor with the second highest residual energy. We repeat
this operation until all targets are covered. By doing so, we
obtain a set 𝐶𝑘 of sensors that covers all the targets. Then,
we check if sensors in 𝐶𝑘 are interconnected to the base
station. If not, we use our relay node selection algorithm
in Section IV-B to find relay nodes to interconnect all the
sensors to the base station. The sensor nodes that watch
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Fig. 2. Finding the orientation which can cover the most number of
uncovered targets

the targets plus the relay nodes constitute the connected
working set 𝑊𝑘 for this session. We can calculate the energy
consumptions per unit time of all nodes in this session by
using Eqs. (1) - (4) and record them. We then deduct the
energy cost from all sensors’ residual energy and sort all
sensors again. We repeat this operation until no session can
be found to run for Δ𝑡 amount of time. This process is
illustrated in Algorithm 1.

We first explain how to adjust the orientation of a sensor
node as in Fig. 2, such that it can cover the most number
of uncovered targets.

In Fig. 2, there is a directional sensor 𝑠𝑖 and some targets.
The sensing range of 𝑠𝑖 is a sector with an angle 𝜃. The circle
indicates the area which 𝑠𝑖 can potentially cover. Targets in
this circle can be watched by 𝑠𝑖 if 𝑠𝑖 faces to the right
orientation. We use the line 𝑎 and 𝑏 to denote the two
borders of 𝑠𝑖’s sensing area. At the beginning, we adjust
its orientation to let line 𝑏 just meet target 𝑜1, and then
we calculate the number of uncovered targets covered by
this orientation of 𝑠𝑖. Next, we adjust 𝑠𝑖’s orientation in
clockwise direction until line 𝑏 just meets the next target,
which is 𝑜5 in Fig. 2. At this time, we can also get the
number of uncovered targets covered by this new orientation.
Then, we continue to adjust 𝑠𝑖’s orientation until line 𝑏 just
meets the next target. We repeat this process until line 𝑏 just
meets target 𝑜1 again, which means sensor 𝑠𝑖 have scanned
the whole area in the circle. Then, we compare and get the
orientation which can cover the most number of uncovered
targets. If there are 𝑝 targets in this circle, we only need to
adjust 𝑠𝑖’s orientation 𝑝 times to get the answer.

Next, we show how to compute the energy cost per unit
time for a sensor in a particular session.

We denote sensor 𝑠𝑖’s energy cost in the 𝑘th session per
unit time as 𝑒𝑖𝑘, 𝑖 = 1, 2, ..., 𝑛; 𝑘 = 1, 2, ...,𝐾. We define
𝑒𝑆 as the energy required for watching targets per unit time,
𝑒𝑅, 𝑒𝑇 as energy required for receiving and transmitting one
unit data respectively and 𝜆 as the data generating rate. If
sensor 𝑠𝑖 does not appear in the 𝑘th connected working set,

let 𝑒𝑖𝑘 = 0. Otherwise, assuming sensors using the shortest
path to forward data to the base station, we construct the
network as a tree 𝑇𝑘 for session 𝑘, where the root is the base
station. In order to calculate 𝑒𝑖𝑘, we consider two models
that sensors transmit data with and without aggregation
respectively.

In the model that sensors transmit data with aggregation,
we define 𝐻𝑖,𝑘 as the number of direct child nodes of sensor
𝑠𝑖 in the 𝑘th session in the tree 𝑇𝑘. The energy cost for 𝑠𝑖
in 𝑘th session per unit time is the summation of energy for
sensing, receiving and transmitting data, i.e.,

𝑒𝑖𝑘 = 𝑒𝑆 +𝐻𝑖,𝑘 ⋅ 𝑒𝑅 ⋅ 𝜆+ 𝑒𝑇 ⋅ 𝜆 (1)

Obviously, if 𝑠𝑖 purely relays data in 𝑊𝑘, 𝑒𝑆 = 0 in (1).
In the model that sensors transmit data without aggrega-

tion, we define 𝑇𝑘(𝑠𝑖) rooted from 𝑠𝑖 as the subtree of 𝑇𝑘.
The total traffic load per unit time 𝑄(𝑖, 𝑘) in the 𝑇𝑘(𝑠𝑖) can
be calculated in (2).

𝑄(𝑖, 𝑘) =
∑

𝑠𝑗∈𝑇𝑘(𝑠𝑖)∩𝐶𝑘,𝑗 ∕=𝑖

𝜆 (2)

Eq. (2) means only those sensor nodes which watch
targets in tree 𝑇𝑘(𝑠𝑖) contribute to the total traffic, while
relay nodes do not.

The energy cost for those sensors which watch targets in
𝑘th session per unit time can be calculated in (3).

𝑒𝑖𝑘 = 𝑒𝑆 +𝑄(𝑖, 𝑘) ⋅ 𝑒𝑅 + [𝑄(𝑖, 𝑘) + 𝜆] ⋅ 𝑒𝑇 (3)

For those sensors purely relay data, 𝑒𝑖𝑘 is calculated in
(4).

𝑒𝑖𝑘 = 𝑄(𝑖, 𝑘) ⋅ (𝑒𝑅 + 𝑒𝑇 ) (4)

B. Selecting relay nodes

To make sensors in cover set interconnected, some ad-
ditional sensor nodes should be selected as relay nodes.
In [17], a heuristic algorithm is introduced to select mesh
routers in order to fulfill connectivity in wireless mesh
networks. We modify it to select relay nodes in wireless
sensor networks as Algorithm 2.

Given an unconnected cover set, we first partition the
sensors in it and the base station into 𝑝 clusters. We denote
these clusters as 𝐿𝑖, 𝑖 = 1, 2, ..., 𝑝. Each cluster 𝐿𝑖 contains
some sensor nodes, and every pair of sensors has at least one
path between them. Any two clusters are disconnected. Then
we sort the clusters by their distance to the base station in
the descending order. The distance of each cluster is defined
as the distance between the sensor node closest to the base
station and the base station. After this stage, according to
the descending order, we pick the farthest cluster first, add
a neighboring sensor 𝑣𝑗 which does not belong to any 𝐿𝑖 to
this cluster. Here, the criteria of picking sensor 𝑣𝑗 is to pick

112



Algorithm 1: Computing K sessions
𝑘 = 1;
while true do

Sort all sensors according to their residual energy
in the descending order and get the sequence 𝑠1,
𝑠2, ..., 𝑠𝑛;
repeat

Select one sensor at a time according to the
sequence;
Find the sensor’s orientation which can cover
the most number of uncovered targets;
Put this sensor into 𝐶𝑘, record its orientation
and update the uncovered targets;

until all targets have been covered or every sensor
in the sequence has been selected ;
if not all targets have been covered then

break while;
end
Using Algorithm 2 to select relay nodes to get the
connected working set 𝑊𝑘 if sensors in 𝐶𝑘 are not
interconnected;
Calculate the energy cost per unit time 𝑒𝑖𝑘 of every
sensor 𝑠𝑖 in session 𝑘;
if 𝑒𝑖𝑘 ⋅Δ𝑡 ≤ 𝐸𝑖, for all 𝑠𝑖 ∈ 𝑆 then

𝐸𝑖 = 𝐸𝑖 − 𝑒𝑖𝑘 ⋅Δ𝑡;
Record 𝑒𝑖𝑘;
𝑘 = 𝑘 + 1;

else
break while;

end
end
return 𝑘, 𝑊𝑘 and 𝑒𝑖𝑘

the sensor which maximally reduces the distance between
the cluster and the base station. When a sensor 𝑣𝑗 has been
added, we check whether this newly added sensor 𝑣𝑗 can
connect this cluster to others. If yes, we merge them. And
we continue the process until there is only one cluster, which
means all the sensors have been fully connected.

C. Scheduling working time for each session

After 𝐾 sessions are computed, we can get a matrix 𝐴
which records every sensor’s energy cost per unit time in
each session as follows.

𝐴 =

𝑒11 𝑒12 ⋅ ⋅ ⋅ 𝑒1𝐾
𝑒21 𝑒22 ⋅ ⋅ ⋅ 𝑒2𝐾

...
... ⋅ ⋅ ⋅ ...

𝑒𝑛1 𝑒𝑛2 ⋅ ⋅ ⋅ 𝑒𝑛𝐾

Then we use the following linear programming to get the
working time 𝑡𝑘 for each session.

maximize 𝑡1 + 𝑡2 + ...+ 𝑡𝐾

Algorithm 2: Selecting relay nodes
Divide the sensors in the cover set and the base station
as 𝑝 clusters, 𝐿1, 𝐿2, ..., 𝐿𝑝;
Sort the clusters by their distance to the base station in
the descending order;
while there exist more than one cluster do

for each cluster 𝐿𝑖 do
Find the neighboring sensor 𝑣𝑗 of 𝐿𝑖 which can
maximally reduce the distance between 𝐿𝑖 and
the base station and add 𝑣𝑗 into 𝐿𝑖;
if 𝑣𝑗 can connect 𝐿𝑖 to other clusters then

Merge them;
end

end
end
return the connected working set 𝑊𝑘
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Fig. 3. Network lifetime versus Δ𝑡 with 𝑛 = 30, 𝑚 = 10 and 𝜃 = 60∘

subject to
∑𝐾

𝑗=1 𝑒𝑖𝑗𝑡𝑗 ≤ 𝐸𝑖, for all 𝑠𝑖 ∈ 𝑆,

where 𝑡𝑗 ≥ 0.

This is a typical linear programming formulation. We use
Matlab [18] to get the optimal solution given the matrix 𝐴.

V. SIMULATIONS

We randomly place a base station, targets and sensors in
a 100𝑚 × 100𝑚 area. We assume the sensing range and
transmission range of sensors are both 40𝑚. The initial
energy reserves of these sensors are normalized as 1. We
set 𝑒𝑆 = 0.1, 𝑒𝑅 = 𝑒𝑇 = 0.12 and 𝜆 = 1.

In Algorithm 1, we introduce the parameter Δ𝑡. Fig. 3
shows the network lifetime when Δ𝑡 changes from 0.01 to
0.3 with and without data aggregation. With each Δ𝑡, the
network lifetime with data aggregation is about twice as
large as that without data aggregation. This is because with
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Fig. 4. Network lifetime versus number of sensors with Δ𝑡 = 0.05,
𝑚 = 10 and 𝜃 = 60∘ with data aggregation
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Fig. 5. Network lifetime versus number of sensors with Δ𝑡 = 0.05,
𝑚 = 10 and 𝜃 = 60∘ without data aggregation

aggregation, the data for receiving and transmitting are less.
From Fig. 3, we can see that as Δ𝑡 grows, the network
lifetime will drop. The reason is that when Δ𝑡 is small,
the system generates more sessions, so that the network
lifetime which is optimized by linear programming will be
large. While with a large Δ𝑡, it produces less number of
sessions, which limits the performance of our scheduling
working time for sessions. This leads to the small network
lifetime. However, if Δ𝑡 is too small, it will cause directional
sensors to turn to different orientations more frequently
which may not easy for physical reasons. Thus, in the rest
of the simulation, we set Δ𝑡 = 0.05.

In order to analyze the performance of our algorithm, we
compare it with two other methods. One is called random
selection without scheduling (RwoS) and the other is greedy

30 45 60 90 120 180 360
0

10

20

30

40

50

60

70

80

90

100

θ (in degrees)

N
et

w
or

k 
Li

fe
tim

e

 

 

our algorithm
GwoS
RwoS

Fig. 6. Network lifetime versus 𝜃 with 𝑚 = 10, 𝑛 = 30 and Δ𝑡 = 0.05
with data aggregation
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Fig. 7. Network lifetime versus 𝜃 with 𝑚 = 10, 𝑛 = 30 and Δ𝑡 = 0.05
without data aggregation

selection without scheduling (GwoS). RwoS means ran-
domly choosing sensors’ orientations to meet the coverage
need and making chosen sensors interconnected to the base
station. In RwoS, sensors watch targets and communicate
with each other until one of them depletes its energy. Then,
the network will choose another set of sensors until it
cannot be found. GwoS indicates that using the greedy way
proposed in Algorithm 1 to select connected working sets to
get different sessions. Instead of scheduling working time to
different sessions, GwoS just allocates Δ𝑡 for each session,
and calculates the summation of all Δ𝑡 to get the total
network lifetime.

Fig. 4 and Fig. 5 show the relation between network
lifetime and the number of sensors with and without data
aggregation respectively. The number of sensors varies
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from 20 to 70. With each number of sensors, the network
lifetime with data aggregation is larger than that without
data aggregation. From Fig. 4 and Fig. 5, we can see that
GwoS outperforms the RwoS because GwoS considers the
residual energy of sensors and uses a greedy way to choose
orientations. The lifetime by using our algorithm is about
twice as large as that by using GwoS.

Fig. 6 and Fig. 7 show the relation between network
lifetime and the degree of 𝜃 of directional sensors. The
degree of 𝜃 varies from 30 to 360. The lifetime with data
aggregation in each degree of 𝜃 is larger than that without
data aggregation. The network lifetime increases as the 𝜃
grows. The reason is that when 𝜃 grows, the sensing area
of each sensor becomes larger so that each sensor can cover
more targets. The network will choose fewer sensors into
working sets and leave more sensors into sleep mode. This
will save more energy and lead to the increase of the total
network lifetime. Obviously, when the degree of 𝜃 reaches
360, sensors’ sensing range will become omni-directional. In
each degree of 𝜃, our algorithm still outperforms the other
two.

VI. CONCLUSION

Energy efficiency is an important issue in wireless sensor
networks. Scheduling sensors to work and sleep is a way
to save energy and prolong the network lifetime for sensor
networks. In this paper, we address the maximal lifetime
scheduling problem in sensor surveillance systems with di-
rectional sensors. In order to maximize the network lifetime,
we use a heuristic method to divide the lifetime into different
sessions and schedule working time for each session with
the consideration of connectivity and communication cost
in both data aggregation and non-aggregation models. In
the future work, we plan to design a distribute algorithm
to maximize the lifetime in directional sensor networks.[19]
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