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ABSTRACT related to the management of multi-sensor systems forttarge

The objective of the coverage problem is to organize tiiacking [1]. ) _
monitoring of targets by sensors in an energy efficient manne Génerally speaking, the coverage problem is how to ap-
so as to maximize the lifetime of coverage. We consider th@rtion or balance the workload among the sensors so as to
coverage problem in a network of myopic sensors, such gxtend the lifetime of coverage. Most of the literature téeda
video sensors and acoustic sensors, which are only able &gSUmes that_sensors can cover all targets in a fixed area at a
cover one target at any one time. We show how to formuldtéed cost (which may depend on the measure of the area) [2].
the problem of finding the lifetime as a linear program. welowever, for some sensors this is not a valid assumption. In
show that the actual coverage schedule can be found B@rticular, video sensors and acoustic sensors may be diewe
iteratively finding maximum cardinality matchings in théS unidirectional, that is, at least in some settings, they c
underlying weighted bipartite graph, where the weights a@nly be focused on one target. We call such sensgyspic

derived from the solution of the linear program. We show !N this paper, we consider the coverage problem for net-
experimentally that this algorithm is practical for modea WOTks of myopic sensors. We show how to formulate the
Reoblem of finding the lifetime as a linear program. We show

sized instances, depending on various properties of tRE° A )
instance. that the actual coverage schedule can be found by itenativel
finding maximum cardinality matchings in the underlying
weighted bipartite graph, where the weights are derivethfro
|. INTRODUCTION the solution of the linear program.

Recent advances in wireless communication networks, coudn order to validate its practicality, we implemented our
pled with the convergence of technological and applicati@igorithm and tested it on synthetically generated network
trends, have resulted in exceptional levels of interestgita- With various properties. We consider the case of steady-
less sensor networks. These networks are composed of lsgtfge uniform networks, and the case of a hot spot, perhaps
number of low-cost, low-power, multi-functional, wiretes representing an emergency, where many of the targets are
devices spread over a geographical area. Individuallys-segoncentrated in one area. We used a standard LP solver,
ing devices are resource-constrained and, therefore, rdye dSoplex which uses primal and dual solving routines [3]. To
capable of a limited amount of processing and communicatidind maximum cardinality matchings, we implemented the
It is the coordinated effort of a large number of these deyjicenatching algorithm presented in [4]. All of our code, indlugl
however, that bears promises for a significant impact, niyt orthe code for generating the experimental instances, can be
on science and engineering, but equally importantly on adrofound on the project web page
range of civil and military applications, including managi www.cs.pitt.edu/"maly/Myopic-Coverage/
complex physical systems, object tracking and environaient Some of our more interesting findings are:

monitoring. » The optimal schedules that our algorithm constructs have
Harnessing the potential of wireless sensor networks bring a surprisingly simple structure. This property makes
about a number of fundamental challenges, the most critical the underlying technique generalizable to other wireless

which is finding new ways to increase the longevity of such  sensor network settings.

networks. Since sensors will either have to be powered bys The problem is more computationally difficult in the case
small non-renewable batteries, or by the modest amounts of of hot spots, or if the ratio of the number of sensors to
energy that can be harvested from the environment, devejopi  the number of targets is small.

energy-efficient algorithms and mechanisms to optimize thee The algorithm is practical for networks of a few hundred
use of battery power, while satisfying different and often nodes, but may become impractical for networks with
contradictory performance metrics, is the most criticalies thousands of nodes, depending on various properties of
in the design of the network protocols for wireless sensor the network environment.

networks. This is particularly true for the sensor coverage The rest of the paper is organized as follows: the second
problem which arises naturally in many sensor applicatiossction discusses related work. The third section presmmts



formalization of the coverage problem for myopic sensors1 the matching if, and only if, sensdf; is monitoring target

A description of an algorithm to find a coverage schedule i5. The rate at which the network uses energy at a particular

also provided. Experimental results are presented in theto time is the sum of the costs of the edges in the matching, that

section. The last secrion of this paper provides a summaryis;‘z(si,Tj)eM C; ;. The objective of the coverage problem is

this research work and discusses future work. to maximize the lifetime of the network, that is, the length o

time for which it is possible to cover all the targets. An attu

coverage schedule specifies a matching for each unit of time
The coverage problem arise naturally in applications in the lifetime of coverage.

wireless sensor networks. In its most general form, the prob The most obvious way to model this as a mathematical

lem was shown to be NP-hard [5]. Several heuristics wepgogram is as follows. Let; ; be the fraction of time that

proposed to solve different formulation of this problemeThsensorsS; is assigned to targéf;. So P - w; ; is the total time

setting in most of the literature related to the coveragélgra that sensorS; monitors targefl;. There are three constraints:

is a collection set of sensofs= {51, ..., S} in some metric (1) that each sensat; should not expend more thapenergy,

space, usually the Euclidean plane. Further, each séidms (2) that every sensor covers at most one target during eaeh ti

an associated ared; that it can cover, most commonly a circleslot, and (3) that every target should be covered by at least

of radiusr;. A non-myopic sensol5; can cover all of4; if one sensor at all times. Thus, we get:

the sensor is turned on.

II. RELATED WORK

We survey what is known for non-myopic sensors. In [1], Maximize P 1)
an efficient algorithm is given to determine whether eacmipoi i )
in the plane is covered by at least k sensors, k-covered or not ZP Wi Cij S€ i=1,... 2)
assuming allr;’s are equal [1]. In [6], a simple scheme for g=1
maximizing the lifetime of coverage is proposed. In patacu :
the space and the sensors are partitioned so that all thersens Z wiy <1 i=1.s (3)
in a particular partition can cover all the space in the garti le
The sensors in this partition then equqlly_share the mdr_ﬂjjor Z wi; > 1 =1, 4)
of the region of space. In [2], a distributed heuristic for =
computing a coverage plan is proposed. Using almost the same wi; > 0 (5)

approach as [2], [7] introduced another heuristic to organi

the coverage. Further, [2] presented a polynomial timetgoiu There are two difficulties with the above mathematical pro-
in terms of the number of sensors. None of these schemegtiamming formulation. Firstly, the program is not linear
applicable to the case of myopic sensors, because the bésicause of the” - w; ; terms. Secondly, it is not clear that
concept of intersection of coverage areas used in thesespaplee program captures all of the constraints of our problem.
doesn’t apply to myopic sensors. We handle these difficulties in turn.

The idea of modeling a sensor network as a weightedTo create an equivalent linear program, we introduce a
bipartite graph has been used in some previous studies, soelw variable@ equal tol/P. The objective function then
as [8]. becomes minimizing), and the non-linear constraint becomes
the linear constraingz.zlwi,j ¢ < e;Q. Thus, our new

IIl. THE FORMULATION OF THE MYOPIC SENSORCOVER linear program is

PROBLEM

The setting is a collectiort = {S51,...,Ss} of myopic Minimize Q (6)
sensors, and a collection of targéts= {T1,...,T;}. Sensor i )
S; is powered by a battery that initially contaias units of Zwlﬂ iy < oeQ i=1...s (7
energy. There is a monitoring caSt ;, measured in energy per 7=l .
unit time, that senso§; incurs for monitoring targef;. That
is, if S; is assigned td; for P units of time, therC; ; P units Zwlﬂ < 1 i=1...s (8)
of energy are used frorfi;’s battery. Note that we allow that le
C;,; may be infinite, thus capturing the possibility that it may Zwl s =1, 9)
not be feasible for some sensors to cover some targets. 1Senso = T Y
are assumed to use no energy when they are not monitoring a wi; > 0 (10)

target. The fact that the sensors are myopic means that each

sensor can monitor at most one target at any time. We assum# the solution of the above LP i@’ = 1/P’, then itis clear

that all targets must be covered, that is, at all times eadeta that the coverage lifetime is at moBt. But it is not so clear

must be monitored by a sensor. that a lifetime of P’ is obtainable since the above LP doesn't
The coverage at any particular time can be viewed asspecify which sensor should be assigned to which target at

maximum cardinality matchind/ in the complete bipartite each time. Next, we constructively show how to transform a

graphG with bi-partitionsS andT'. There is an edgéS;,T;) solution of the above LP into a schedule with lifetit?é thus



showing that a coverage lifetime equal to the solution of the To prove the correctness of our algorithm, we need to argue

LP is always achievable. that until all edges have 0 weight, there is always a perfect
We now define what we call the coverage graph and explaimatching in the current coverage graph. To see why this is the

how to construct a schedule by finding perfect matchings @ase, scale up the edge weights of the coverage graph so that

this coverage graph. One bipartition of the coverage graph weights are integer, and hence will stay integer thraugh

consists of thes sensors. The other bipartition consists of ththe algorithm. The weight of an edge can be thought of as

t targets, ands — ¢ virtual targets. A sensor will be matchedthe multiplicity of the edge in a multi-graph. Note that the

to a virtual target if it is not covering a real target. Th@bove algorithm maintains the invariant that the aggregate

coverage graph is complete in that there is an edge betwaegights of the edges incident on a vertex in the coverage

every two vertices in opposite bi-partitions. The weight afraph (or equivalently the degree in the correspondingimult

an edge(S;, T;) for a sensorS; and a targef; is the value graph), is the same for all vertices. Thus, the cardinalitye

of the variablew; ; from our optimal LP solution. One canneighborhood of any subsét of vertices in this multi-graph

see from the LP that (before we consider virtual targets) theat least the cardinality of. Hence, the coverage graph will

sum of the weights of the edges incident on any particulalways have a perfect matching by Hall’s Theorem [9].

vertex is at most 1. The weight of the edges incident on

the virtual targets are set in such a way that the sum of the

weights on the edges for every vertex is equal to 1. This canThe sensor network environment consisted of the number

IV. EXPERIMENTAL RESULTS

be accomplished using the following algorithm: of sensors and targets in a two dimensional square, with side
length 10,000 units. We simulated networks having 10 to
Set_Weights() 1000 targets. We assumed that the sensors were uniformly
distributed, which is a natural configuration for sensore W
Begin assumed each sensor had a starting energy level of 100,000
Let w(v) be the the aggregate weight of the edgasnits. We assumed that the caSf; of coverage is propor-
incident to vertexv. tional to the square of the Euclidean distance betwseand
While (there is a sensa$; with w(S;) < 1) do { T;, which is a natural assumption in the acoustic setting where
While (w(S;) < 1) do { the inverse square law applies [10].
Let VT, be lowest index virtual target with The goal of our first set of experiments was to determine
w(VT) <1 the practicality of our algorithm for different distribotis of

Do Increase the weight of the edds;, V7;) targets within th_e s_ervi_ce area. Th_erefore, we simulated tw
until eitherw(S;) or w(VT;) reaches 1} types of target distributions. In the first case, we assurhatl t
End the sensors were uniformly distributed in the service arbis
was meant to represent some steady-state normal confiurati
of the network. In the second case, we assumed that there

is some hot spot with an unusually large number of targets

_ We_ nhow ShOW how to f'nd_ a coverage schedule bt¥1at need to be monitored. This case might arise if some
iteratively finding perfect matchings in the coverage grapiy,cations are more critical, for example, if there is a disasr

The basi_c steps of the algorithm to produce the schedule e other important event occurring there. In these cases,
be described as follows: assumed that the number of sensors is double that of targets.
For the hot spot case, we assumed an environment with a
single hot spot, consisting of a square of 500 units a sid#, th
contains50% of the targets. Targets inside and outside of the
hot spot are uniformly distributed. We ran the simulation fo
100 different instances of each size. We measured the spluti
time, the number of the iterations taken by the LP solver, the
solution value, the total network lifetime, and the runniimge
used to find the optimal coverage schedule. The results of the
simulations are shown in the following figures. Note that we
only show some of our findings due to space constraints.
Figure 1 represents the average running time taken by the
LP solver in the case of uniformly distributed targets, ad we
as the case of a service area having a hot spot. In both cases,
the solution time is linear in terms of the number of targets,
End which is a reasonable bound on the running time. Note that
Figure 1 is a semi-logarithmic graph. For the first case, the
running time is fairly small, even for large networks. Altigh
still linear, there exists a difference in the order of magdé

Coverage_Schedulg()

Begin
Do Initialize timet=0
While (3 a perfect matching in the coverage grapla){

Let w; ; be the smallest weight of an edge i

Let M be in the coverage plan from tinieo time
t + ’LUiyj

Let t=1t + wm-

Do Deductw; ; from the weight of each edge in
M in the coverage graph
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increase in the running time for the hot spot instances. The Hot Spots, ---x--
curves representing the number of iterations performedby t
LP solver are similar to the running time curves shown in
Figure 1. i
A possible explanation for this difference between the tw@
types of instances has to do with whether sensors are likely
cover only nearby targets. In the uniformly distributede;as
sensors and targets are distributed in similar ways, so it g
likely that sensors will almost always cover one of the fewt ot}

nearest targets. In the hot spot case, however, many of the

raqe Netwou

targets in the hot spot must be covered by relatively distant XXWMX%XxxXX* x
H . \ "X e TxeeX X
sensors outside the hot spot. These sensors, in turn, cannot | ¥ e
completely cover the targets nearest them, and other more , . . . . . . . .
H . . 0 100 200 300 400 500 600 700 800 900 1000
distant sensors will help with coverage of these targetsisTh Number of Targets

almost all of the sensors outside of the hot spot must divide . _ o
coverage among nearby and distant targets. Changes in éloﬁtess.ot ngrage network lifetime for uniformly distributetdrgets vs. the
part of the coverage solution are thus more likely to cause P

changes for distant sensors. In addition, many targetsen th

hot spot are roughly the same distance from a sensor, causi . ) )
P gnly wsolutlon was in the order of fractions of a second for all

many solutions to have very similar objective values. The f both t f . This is b h b
difficulties may lead to more simplex pivots to find an optimaﬂuns ot both types of sefvice areas. This IS because the numboe
solution, even though we suspect that near-optimal so19ti00f matchings that had to be found was small, and because the

may still be found relatively quickly. matching algorithm is very fast, running in time'(®
Figure 2 represents the average number of different matckt]-
ings in the optimal schedule. It was surprising to us that theFigure 3 shows the average network lifetime for both
number of matchings is so small and did not grow as tiBe uniform targets case and the hot spot case. For the hot
size of network grows. Our hypothesis is that the number spot case, increasing the size of the instance didn't affect
matchings is roughly a function of the ratio of the numbehe lifetime much. Increasing the number of targets does
of sensors to the number of targets. This would explain wmpt change the percentage of targets lying in the hot spot
the number of matchings is constant as both the numberasea. Therefore, the lifetime remains the same for all netwo
targets and the number of sensors grow in a fixed ratio. WeZes. The lifetime depends on the initial amount of energy
do not understand why the number of matchings is so loaf sensors. In the case of uniformly distributed targetspeso
From Figure 2, we can observe that the average numberefficiency is gained by increasing the size of the network, so
matchings of the service area with a hot spot is less than titat at least initially the lifetime scales roughly lingavlith
of the uniform service area, although this difference is nthe size of the network.
large. We next address the issue of how the ratio between the
The running time of actually finding the schedule from thaumber of sensors and the number of targets, which up until

_m
logn
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now has been fixed at 2, affects our results. We ran anothieguired.
set of experiments in which we fixed the number of sensors V. CONCLUSION AND FUTURE WORK
to be 500, while changing the number of targets. We used the ) _

same parameters used in the first set of experiments, excedf1 this paper, we presented an algonth_m to solve the
that in these experiments we ran the simulation 50 times fgfverage problem for a network of myopic sensors. We
each target size. For the sake of simplicity, we only testéperimentally validated the p_ract|callty of this algt_)m fora
service areas with uniform distributions of both targetsl arfange of networks. Our technique can be generalized to solve

sensors. The following two figures present the results afethdnany related problems._For example, it can be used if the
experiments. number of sensors required to cover a target was dependent

Figure 4 presents the average running time of the LP solv@f the target, or if the energy in the sensors batteries drarie
for networks with a fixed number sensors and a variablE®M target to target.
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