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Abstract Ad-hoc networks of devices and sensors with (limited) sensing and wireless communication
capabilities are becoming increasingly available for commercial and military applications. The �rst
step in deploying these wireless sensor networks is to determine, with respect to application-speci�c
performance criteria, (i) in the case that the sensors are static, where to deploy or activate them; and (ii)
in the case that (a subset of) the sensors are mobile, how to plan the trajectory of the mobile sensors.
These two cases are collectively termed as thecoverage problemin wireless sensor networks.

In this book chapter, we give a comprehensive treatment of the coverage problem. Speci�cally, we
�rst introduce several fundamental properties of coveragethat have been derived in the literature and
the corresponding algorithms that will realize these properties. While giving insights on how optimal
operations can be devised, most of the properties are derived (and hence their corresponding algorithms
are constructed) under theperfect diskassumption. Hence, we consider in the second part of the book
chapter coverage in a more realistic setting, and allow (i) the sensing area of a sensor to be anisotropic
and of arbitrary shape, depending on the terrain and the meteorological conditions, and (ii) the utilities
of coverage in different parts of the monitoring area to be non-uniform, in order to account for the impact
of a threat on the population, or the likelihood of a threat taking place at certain locations. Finally, in the
third part of the book chapter, we consider mobile sensor coverage, and study how mobile sensors may
navigate in a deployment area in order to maximize threat-based coverage.
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1 Introduction

Recent technological advances have led to the emergence of pervasive networks of small, low-power
devices that integrate sensors and actuators with limited on-board processing and wireless communi-
cation capabilities. These sensor networks open new vistasfor many potential applications, such as
environmental monitoring (e.g., traf�c, habitat, security), industrial sensing and diagnostics (e.g., fac-
tory, appliances), critical infrastructure protection (e.g., power grids, water distribution, waste disposal),
and situational awareness for battle�eld applications [1,2, 3, 4]. For these algorithms, the sensor nodes
are deployed to cover the monitoring area. They collaboratewith each other in sensing, monitoring, and
tracking events of interests and in transporting acquired data, usually stamped with the time and position
information, to one or more sink nodes.

There are usually two deployment modes in wireless sensor networks. If the cost of the sensors is
high and deployment with a large number of sensors is not feasible, a small number of sensors are
deployed in several pre-selected locations in the area. In this case, the most important issue issensor
placement— where to place the sensors in order to ful�ll certain performance criteria. On the other
hand, if inexpensive sensors with a limited battery life areavailable, they are usually deployed with
high density (up to 20 nodes/m3 [5]). The most important issue in this case isdensity control— how
to control the density and relative locations ofactivesensors at any time so that they properly cover the
monitoring area. (Another relevant issue is how to rotate the role of active sensors among all the sensors
so as to prolong the network lifetime [6].) Although at �rst glance, sensor placement and density control
are two different issues, they both boil down to the issue of determining a set of locations either to
place the sensors or to activate sensors in the vicinity, with the objective of ful�lling the following
two requirements: (i)coverage:a pre-determined percentage of the monitored area is covered; and (ii)
connectivity:the sensor network remains connected so that the information collected by sensor nodes
can be relayed back to data sinks or controllers.

In this book chapter, we consider thecoverageissue in wireless sensor networks. We consider two
operational modes.

Case I: All sensor nodes are statically deployed.

We consider the issue of determining the minimum set of sensors required to cover the pre-determined
percentage of the area, assuming that each sensor node can monitor a certain area (e.g., a disk centered
at the sensor and with the radius being thesensing rangeof the sensor) on a two dimensional surface. As
indicated in [7], if the radio range is at least twice the sensing range, complete coverage of a convex area
implies connectivity among the set of active nodes. This condition actually holds for a wide spectrum of
sensor devices that recently emerge [7], and as a result considering only the coverage issue is suf�cient.

We approach the coverage issue along two research thrusts. We �rst introduce several fundamental
properties that have been derived in the literature [8, 9, 10, 7] and their corresponding algorithms that
realize the properties [11, 12, 13, 6, 14, 15, 16, 17] (Section 2.1). Most of the efforts introduced in
this thrust focus on minimizing the number of sensors, subject to the requirement of (k-)covering the
entire monitoring area. While shedding insights on how optimal operations can be devised, most of the
algorithms/analysis are derived under theperfect diskassumption. As revealed in several deployment
efforts [18], the sensing range is in reality highly irregular due to variations in terrain/meteorological
conditions. Moreover, while maximizing the geometric coverage is important, it makes more sense to
quantify the utility of sensor coverage by considering its ability to manage potentialthreats. For exam-
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ple, a densely populated and poorly ventilated area should be classi�ed as high risk under a chemical
plume attack, and therefore receive priority attention in the sensor placement.

We consider in the second research thrust coverage in a more realistic setting (Section 4). In partic-
ular, the sensing area of a sensor can be anisotropic and of arbitrary shape, depending on the material
released, its dosage �elds and release patterns, the wind speed and direction, and the dispersion model.
The expected risks of insuf�cient coverage (or utilities ofcoverage) in different parts of the monitoring
area can also be non-uniform to account for the impact of a threat on the population, or the likelihood
of a threat taking place at certain locations. Under this more general setting, we consider the issue of
determining the minimum set of sensors required to minimizethe threat.

Case II: Sensor nodes are mobile.

In the case that some of the sensor nodes are mobile, we add another dimension of coverage — mo-
bile sensor coverage (Section 5). Once sensors have been deployed in the area according to a sensor
placement/density control algorithm, operating conditions may change to render the original results
suboptimal or invalid. For example, sensors may fail or their sensing range may weaken, and obstacles
may appear that affect a sensor's ability to cover its local area. Mitigating the effects of these unex-
pected situations could be solved by tasking a mobile sensorthat navigates along a trajectory in order
to minimize the detection time of events of interest. Speci�cally, the monitoring area is divided into a
two-dimensional grid of cells. For each cell, therisk is de�ned as the steady-state presence probabil-
ity of the event of interest (e.g., a chemical attack) in thatcell. The distribution of threat in the area is
characterized by athreat pro�le, which considers the impact of a realized risk on the area's population.
We introduce a stochastic movement algorithm for sensors toachieve threat-based coverage, so that the
cells are covered in proportion to their threat levels.

2 Background

2.1 Fundamental Properties of Coverage

Several researchers have carried out studies on the fundamental properties of coverage and sensor place-
ment. We �rst summarize three representative results in this section. Then, to introduce the methodology
taken by this line of research, we give a more detailed account of the �rst result in Section 3.

Zhang and Hou [7] focus on the sensor coverage problem of �nding theminimumnumber of sensors
that maintain full coverage. They prove that, given a regionR containing sensors, if each crossing point
in R is covered by at least one other sensor inR, thenR is completely covered. By a crossing point,
they mean an intersection point of the two sensing disks of two neighboring sensors, or that of a sensing
disk and the boundary of regionR. They also derive optimal conditions between neighboring sensors for
minimizing the number of sensors needed. Based on the optimal conditions, they then propose a fully
decentralized and localized algorithm, calledOptimal Geographical Density Control(OGDC), in large
scale wireless sensor networks.

Wanget al. [10] take one step further and prove that if all the crossing points in the regionR are
k-covered, thenR is k-covered. They then propose theCoverage and Con�guration Protocol(CCP) in
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which each node collects neighboring information and then uses this information as an eligibility rule
to decide if a node can sleep – if all the crossing points inside the sensing range are at leastk-covered,
then a node can be inactive.

Huang and Tseng [19] consider the problem from another angle(crossing points vs. perimeter) and
prove that an area isk-covered if each sensor in the network isk-perimeter-covered, where ak-perimeter-
covered sensor has each point on the perimeter of its sensingdisk covered by at leastk other sensors.
They then devise an algorithm for determining the perimeterk-coverage (and hence thek-coverage of
a region) and use it to determine the redundant sensors and schedule their inactive periods. However,
to determine its redundancy, a sensors has to ask all the sensors within twice its sensing range to re-
evaluate the coverage of their perimeter without sensors, making the complexity of the algorithm high.

2.2 Coverage Problem Formulations

Sensor coverage can be formulated as an optimization problem: Given the sensing rangeR of sensors,
how to place the sensors so that the the number of sensorsN needed to cover the monitoring area is
minimized?

We can also formulate the problem as: Given the number of available sensorsN, how to place the
sensors so that the sensing rangeRneeded to cover the monitoring area is minimized? This formulation
is used when we are more concerned about the detection time orthe energy consumption of sensing,
which are highly related to the sensing rangeR. This is actually the well-knownN-centeringproblem. A
greedy algorithm can be used to solve the problem with an approximation ratio of 2 under the assumption
of the triangle inequality [17]. Essentially the algorithmiteratively places a new sensor at a cell that is
furthest away from the current set of sensors.

It can be proved that the above three optimization problems are equivalent in the sense that if there
exists a solution algorithm to one problem, the other two problems can be solved by invoking the solution
algorithm a polynomial number of times, subject to the change of the approximation ratio.

3 Optimal Geographical Density Control (OGDC) and its Fundamental Base

Now to highlight the general methodology for the problem of �nding theminimumnumber of sensor
locations that maintain full coverage, we discuss in detailthe Optimal Geographical Density Control
(OGDC) method [7]. Implied in the coverage objective is two requirements. First, the set of sensors
deployed or activated should completely cover the regionR. To derive a suf�cient condition for ensuring
full coverage, we de�ne acrossingas an intersection point of two circles (boundaries of disks) or that of
a circle and the boundary of regionR. A crossing is said to becoveredif it is an interior pointof a third
disk. The following lemma from [20] pages 59 and 181 providesa suf�cient condition for complete
coverage. This condition is also necessary if we assume thatthe circle boundaries of any three disks
do not intersect at a point. The assumption is reasonable as the probability of the circle boundaries of
three disks intersecting at a point is zero, if all the sensors are randomly placed in a region with uniform
distribution. Lemma 1 serves as an important theoretical basis for OGDC.
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Lemma 1. Suppose the size of a disk is suf�ciently smaller than that ofa convex region R. If one or
more disks are placed within the region R, and at least one of those disks intersect another disk, and all
the crossings in the region R are covered, then R is completely covered.

The second requirement is that the set of sensors deployed oractivated for coverage should be mini-
mal. To derive conditions under which the second requirement is ful�lled, we �rst de�ne the overlapat
a pointx as the number of sensors whose sensing ranges cover the pointminusIR(x), where

IR(x) =
�

1 if x 2 R;
0 otherwise:

(1)

The overlap of sensing areas of all the sensors is then the integral of overlaps of the points over the area
covered by all the sensors. Now we show in Lemma 2 that minimizing the number of active sensors is
equivalent to minimizing the overlap of sensing areas of allthe active sensor nodes.

Lemma 2. If all sensor nodes (i) completely cover a region R and (ii) have the same sensing range, then
minimizing the number of working nodes is equivalent to minimizing the overlap of sensing areas of all
the active nodes.

Proof. See Appendix A.1.
Lemma 2 is important as it relates the total number of active sensor nodes to the overlapping areas

between the active nodes. Since the latter can be readily measured from a local point of view, this
greatly simpli�es the task of designing a decentralized andlocalized sensor placement or density control
algorithm.

3.1 Properties under the Ideal Case

With Lemmas 1–2, we are now in a position to discuss how to minimize the overlap of sensing areas
of all the sensor nodes. Our discussion is built upon the assumption that the regionR is large enough
compared with the sensing range of each sensor node so that the boundary effects can be ignored. By
Lemma 1, in order to totally cover the regionR, some sensors must be placed inside regionR and their
coverage areas may intersect one another. If two disksA andB intersect, at least one more disk is needed
to cover their crossing points. Consider, for example, in Figure 1, diskC is used to cover the crossing
pointO of disksA andB. In order to minimize the overlap while covering the crossing pointO (and its
vicinity not covered by disksA andB), diskC should intersect disksA andB at the pointO; otherwise,
one can always move diskC away from disksA andB to reduce the overlap.

Given that two disksA andB intersect, we now investigate the number of disks needed, and their
relative locations, in order to cover a crossing pointO of disksA andB and at the same time minimize

the overlap. Take the case of three disks (Fig. 1) as an example. Let 6 PAO= 6 PBO
4
= a1, 6 OBQ=

6 OCQ
4
= a2, and6 OCR= 6 OAR

4
= a3. We consider two cases: (i)a1;a2;a3 are all variables; and (ii)

a1 is a constant buta2 anda3 are variables. Case (i) corresponds to the case where we can choose all
the node locations, while case (ii) corresponds to the case where two nodes (A andB) are already �xed
and we need to choose the position of a third nodeC to minimize the overlap. Both of the above two
cases can be extended to the general situation in whichk � 2 additional disks are placed to cover one
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Fig. 1 An example that demonstrates how to minimize the overlap while covering the crossing pointO.

crossing point of the �rst two disks (that are placed on a two-dimensional plane), anda i , 1 � i � k, can
be de�ned accordingly. Again, the boundaries of all disks should intersect at pointO in order to reduce
the overlap. In the following discussion, we assume for simplicity that the sensing ranger = 1. Note,
however, that the results still hold whenr 6= 1.

Case 1:a i , 1 � i � k, are all variables

We �rst prove the following Lemma.

Lemma 3.

k

å
i= 1

a i = ( k� 2)p; (2)

Proof. See Appendix A.2.
Now the overlap between theith and(i modk) + 1th disks (which are calledadjacent disks) is (a i �

sina i), 1 � i � k. If we ignore the overlap caused bynon-adjacentdisks, then the total overlap is
L = å k

i= 1(a i � sina i). The coverage problem can be formulated as

Problem 1.

minimize
k

å
i= 1

(a i � sina i)

subject to
k

å
i= 1

a i = ( k� 2)p: (3)

The Lagrangian multiplier method can be used to solve the above optimization problem. The solution
is a i = ( k� 2)p=k; i = 1;2; � � � ;k and the resulting minimum overlap usingk disks to cover the crossing
pointO is
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L(k) = ( k� 2)p � ksin(
(k � 2)p

k
) = ( k� 2)p � ksin(

2p
k

):

Note that the overlap per disk

L(k)
k

= p �
2p
k

� sin(
2p
k

) (4)

monotonically increases withk whenk � 3. Moreover whenk = 3 (which means that we use one disk to
cover the crossing point), the optimal solution isa i = p=3 and there is no overlap betweennon-adjacent
disks. Whenk > 3, the overlap per disk is always higher than that in the case of k = 3, even if we ignore
the overlaps betweennon-adjacentdisks. This implies that using one disk to cover the crossingpoint
and its vicinity is optimal in the sense of minimizing the overlap. Moreover, the centers of the three disks
should form an equilateral triangle with edge

p
3. We state the above result in the following theorem.

Theorem 1.To cover one crossing point of two disks with the minimum overlap, only one disk should
be used and the centers of the three disk should form an equilateral triangle of side length

p
3r, where

r is the radius of the disks.

Case 2:a1 is a constant, whilea i , 2 � i � k, are variables

In this case the problem can still be formulated as in Problem1, except thata1 is �xed. The Lagrangian
multiplier method can again be used to solve the problem, andthe optimal solution isa i = (( k� 2)p �
a1)=(k� 1), 2 � i � k. Again a similar conclusion can be drawn that using one disk to cover the crossing
point gives the minimum overlap. We state the result in the following theorem.

Theorem 2.To cover one crossing point of two disks whose locations are �xed (i.e.,a1 is �xed in Fig. 1),
only one disk should be used anda2 = a3 = ( p � a1)=2.

In summary, to cover a large regionR with the minimum overlap, one should ensure that (i) at least
one pair of disks intersect; (ii) the crossing points of any pair of disks are covered by a third disk; (iii)
if the locations of any three sensor nodes are adjustable, then as stated in Theorem 1 the three nodes
should form an equilateral triangle of side length

p
3r. If the locations of two sensor nodesA andB are

already �xed, then as stated in Theorem 2, the third sensor node should be placed on the line that is
perpendicular to the line connecting nodesA andB and has a distancer to the intersection of the two
circles (i.e., the optimal point in Fig. 2 isC). These conditions are optimal for the coverage problem in
the ideal case.

The notion of overlap can be extended to the heterogeneous case in which sensors have different sens-
ing ranges. Speci�cally, Theorem 1 and 2 can be generalized to the heterogeneous case. The interested
reader is referred to [7] for a detailed account.

3.2 Optimal Geographical Density Control Algorithm

Now we introduce a completely localized density control algorithm, called OGDC, that makes use of
the optimal conditions derived above. Conceptually, OGDC attempts to select as active nodes the sensor
nodes that are closest to the optimal locations.
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A B

P

Q

R C

O

Fig. 2 AlthoughC is the optimal place to cover the crossingO of A;B, there is no sensor node there. The node closest to
C, P, is selected to cover the crossingO.

For clarity of presentation, we assume that (i) each node is aware of its own position and (ii) all sensor
nodes are time synchronized. The �rst assumption is not impractical, as many research efforts have been
made to address the localization problem [22, 23, 24]. The second assumption is made to facilitate the
description of the algorithm. A more general algorithm thatoperates without the assumption can be
found in [7].

At any time, a node is in one of the three states: “UNDECIDED,”“ON,” and “OFF.” Time is divided
into rounds. Each round has two phases: thenode selection phaseand thesteady state phase. At the
beginning of the node selection phase, all the nodes wake up,set their states to “UNDECIDED,” and
carry out the operation of selecting working nodes. By the end of this phase, all the nodes change their
states to either “ON” or “OFF”. In the steady state phase, allnodes keep their states �xed until the
beginning of the next round. The length of each round is so chosen that it is much larger than that of
the node selection phase but much smaller than the average sensor lifetime. As shown in [7], the time
it takes to execute the node selection operation for networks of size up to 1000 nodes in an area of
50� 50m2 (with timer values appropriately set) is usually well below1 second and most nodes can
decide their states ( either “ON” or “OFF”) in less than 0.2 second, from the time instant when at least
one node volunteers to be a starting node. The interval for each round is usually set to approximately
hundreds of seconds, and the overhead of density control is small (<� 1%).

The node selection phase in each round commences when one or more sensor nodes volunteer to be
starting nodes. For example, suppose nodeA volunteers to be a starting node in Fig. 2. Then one of its
neighbors with an (approximate) distance of

p
3r, say nodeB, will be “selected” to be an active node.

To cover the crossing point of disksA andB, the node whose position is closest to the optimal position
C (e.g., nodeP in Fig. 2) will then be selected, in compliance with Theorem 2, to become an active
node. The process continues until all the nodes change theirstates to either “ON” or “OFF,” and the
set of nodes with state “ON” form the working set. As a node probabilistically volunteers itself to be a
starting node (with a probability that is related to its remaining power) in each round, the set of working
sensor nodes is not likely to be the same in each round, thus ensuring uniform (and minimum) power
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consumption across the network, as well as complete coverage and connectivity. The interested reader
is referred to [7] for a detailed description of OGDC.

3.3 Performance of OGDC

To validate and evaluate the proposed design of OGDC, a simulation study has been conducted in [7]
(with ns-2 with the CMU wireless extension) in a 50� 50m2 region where up to 1000 sensors are
uniformly randomly distributed.

In addition to evaluating OGDC, the study also evaluates theperformance of the PEAS algorithm
proposed in [6], the CCP algorithm in [10], and a hexagon-based GAF-like algorithm. The hexagon-
based GAF-like algorithm is built upon GAF [21] and operatesas follows. The entire region is divided
into square grids and one node is selected to be awake in each grid. To maintain coverage, the grid
size must be less than or equal tors=

p
2. Thus, for a large area with sizel � l , it requires2l2

r2
s

nodes to
operate in the active mode to ensure complete coverage. To maintain coverage in hexagonal grids, the
side length of each hexagon is at mostrs=2, and it requires 8l2

3
p

3r2
s

� 1:54l2

r2
s

working nodes to completely

cover a large area with sizel � l .
In the simulation study, the energy model in [6] is used, where the power consumption ratio for

transmitting, receiving (idling), and sleeping is 20:4:0.01. One unit of energy (power) is de�ned as that
required for a node to remain idle for 1 second. Each node has asensing range ofrs = 10 meters, and
a lifetime of 5000 seconds if it is idle all the time. The tunable parameters in OGDC are set as follows:
the round time is set to 1000 seconds, the power thresholdPt is set to the level that allows a node to be
idle for 900 seconds, the timer values are set to, respectively, Td = 10 ms,Ts = 1 s, andTe = Ts=5 = 200
ms,t0 is set to the time it takes to send a power-on packet, 6:8ms(the wireless communication capacity
is 40 Kbps, the packet size is 34 bytes).

The coverage is measured as follows: the area is divided into50 � 50 square grids, and a grid is
considered covered if the center of the grid is covered. Coverage is then de�ned as the ratio of the
number of grids that are covered by at least one sensor to the total number of grids.

Fig. 3 shows the number of working nodes and coverage versus the number of sensor nodes deployed
in the network. Both metrics are measured after the density control process is completed. Under most
cases, OGDC takes less than 1 second to perform density control in each round, while PEAS [6] and CCP
[10] may take up to 100 seconds. As shown in Fig. 3, OGDC needs only half as many nodes to operate
in the active mode as compared to the hexagon-based GAF-likealgorithm, but achieves almost the same
coverage (in most cases OGDC achieves more than 99.5% coverage). Moreover, the number of working
nodes required under OGDC modestly increases with the number of sensor nodes deployed, while both
PEAS and CCP incur a 50% increase in the number of working nodes, when the number of sensor nodes
deployed in the network increases from 100 to 1000. Another observation is that when the number of
working nodes becomes very large, the coverage ratio of CCP actually decreases. This is because a large
number of message exchanges are required in CCP to maintain neighborhood information. When the
network density is high, packets incur collision more oftenand the neighborhood information may be
inaccurate. In contrast, in OGDC each working node sends outat most one power-on message in each
round, and as a result the packet collision problem is not so serious.
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Fig. 3 # of working nodes and coverage versus # of sensor nodes in a 50� 50 m2 area.

4 Sensor Placement in Realistic Environments

While all the above studies give insightful properties of (k-)coverage and shed light on designing cov-
erage algorithms for full (k-)coverage, they all make theperfect diskassumption. As a result, it is not
clear whether or not these results can be readily applied to the case of highly irregular sensing disks. In
this section, we consider sensor placement in a more realistic setting — where to place sensors in order
to ful�ll certain performance criteria,subject to the number of sensors to be deployed, the distribution
of threats, the terrain, land cover and meteorological conditions, and the population distribution.The
performance criteria are either to minimize the maximal detection time (e.g., the time interval from the
instant when a dirty bomb explodes to the instant the explosion is detected) or to maximize the popu-
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lation evacuation time (e.g., the time interval between thedetection time to the time instant the plume
reaches a populated area).

4.1 Problem Formulation

Speci�cally, the monitoring area is divided into a set,X, of cells. We assume that at most one sensor
can be placed within each cell. If a sensor is placed in the cell, the whole cell is said to be covered. We
consider both the cases of 1-coverage andk-coverage (to be de�ned below).

For each celli 2 X, let RT
i denote the set of cells that can be “covered” within timeT by placing a

sensor in celli. That is if an event occurs in some cellj 2 RT
i , it can be sensed by the sensor placed in

cell i within time T. In some sense,RT
i is the sensing area (within timeT) of a sensor placed in celli.

Also, for each celli 2 X, let a utility Ui be de�ned as the utility gained by having celli covered. For
example, the utility function can be the population in an area, the probability that the targeted event (e.g.,
explosion of a dirty bomb) takes place in this area, or combinations thereof. In the case of 1-coverage,
the utility of placing a sensor in celli can be expressed asU(RT

i ) = å
j2RT

i

U j .

Let the variablexi (8 cell i 2 X) denote the indicator of whether or not a sensor is placed in cell i, i.e.,
xi = 1 if a sensor is placed in celli; xi = 0 otherwise. Now the optimization problem can be formulated
as

Problem 1Minimize the number,N = å
i2X

xi , of sensors, subject to

U(
[

i2X^ xi = 1

RT
i ) � C; (5)

whereC is the coverage requirement. In addition to geometric coverage, the coverage requirement can
encompass parameters such as the potential threats that arise in the case of insuf�cient coverage, and/or
the population that will be affected.

Note that the conventional assumption made is thatR0
i is a disk centered at the sensor (placed in

cell i). Here we allowRT
i to be a time-varying function ofT and of arbitrary shape. In Section 4.3,

we will discuss how we leverage the SCIPUFF model [25, 26] to constructRT
i , taking into account of

the characteristics of the released material, terrain, land cover, and meteorological conditions.RT
i thus

constructed will then be fed into the solution algorithm as input.
Note also that conventionallyU(�) is a uniform function and the utility reduces to geometric sensor

coverage. As mentioned in Section 1, the utility function can be so de�ned that it quanti�es the potential
threats reduced or the potential bene�ts gained by having cell i covered. In Section 4.3, we will use the
real-life population distribution asU(�) to evaluate our proposed algorithms.

In the case ofk-coverage, the utility of a cell takes effect only if the cellis covered by at leastk
sensors. In other words, a celli is considered to be covered only whenå

j :i2RT
j

x j � k. Note thatk-coverage

is required in the case ofinverse/forward predictionin which the origin of the event (e.g., a plume)
is inferred as well as the future regions to be affected by thedispersion is predicted. In this case, the
information multiple sensors have gathered will be correlated and fed into certain inverse/forward algo-
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rithms. The optimization problem can then be formulated as

Problem 2
Minimize the number,N = å

i2X
xi , of sensors, subject to

å
i2X

Ui � I f å
j :i2RT

j

x j � kg � C; (6)

whereI f�g is the indicator function. Note that the constraint in Problem 2 is not a linear expression. In
Section 4.2, we will discuss methods to transformIf�g into a set of linear constraints.

4.2 Solutions to Problems 1 & 2

In this section, we discuss solution algorithms to Problems1 and 2. In the case of 1-coverage, the
problem (Problem 1) reduces to theweighted partial set coverproblem, and we introduce a logC ap-
proximation algorithm. In the case ofk-coverage, we �rst discuss a special case in which the coverage
requirement is stringent and fullk-coverage is required. In this case, we can further simplifythe formu-
lation of Problem 2 to a linear program. In the more general case, the formulation of Problem 2 can only
be reduced to an integer program. We present one algorithm that is built upon the algorithm for partial
1-coverage to solve the problem.

4.2.1 Solution Algorithm for Problem 1

Algorithm 1 gives theLog(C)-Partial-1 algorithm. The algorithm �nds the celli� with the highest utility
Ui� , and marksxi� = 1 to denote that a sensor will be placed in the cell. Then the cell i� is removed from
X, the coverage of each celli 2 X is updated asRT

i = RT
i nRT

i� , and the coverage requirement is updated
asC = C� U(RT

i� ). The process repeats until either the coverage requirementis satis�ed (C � 0) or all
the cells have been placed with sensors (X = /0).

Algorithm 1 LogC-Partial-1 (X; f RT
i g;U;w;C)

1: Y = /0
2: while C > 0 AND X 6= /0 do
3: i � = argmaxi2XU(RT

i )
4: Y = Y [ f i � g
5: X = X n f i � g
6: C = C� U(RT

i � )
7: for eachi 2 X, RT

i = RT
i nRT

i �

8: end while
9: returnY
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Theorem 3.The algorithmLogC-Partial-1 has an approximation factor oflogC, given the range of
U(�) is integer.

Proof: Suppose the optimal placement requiresNOPT sensors. Leti be theith sensors placed byLogC-
Partial-1. Let Ai be the cells that are covered by theith sensor, and have not been covered by anyj < i
sensor. Basically,Ai is a set of new cells covered in theith iteration. LetCi be the coverage requirement
left to be met by theithiteration, andC0 = C. Then among cells that are not covered yet, one of those
NOPT sensors in the optimal placement at least can coverCi� 1

NOPT
amount of utility.LogC-Partial-1picks

the sensor that has the largest utility coverage, and thusU(Ai) is at leastCi� 1
NOPT

. Therefore,

NOPT

å
i= 1

U(Ai) �
NOPT

å
i= 1

Ci� 1

NOPT
�

NOPT

å
i= 1

COPT

NOPT
= COPT = C�

NOPT

å
i= 1

U(Ai): (7)

Thus we have
NOPT

å
i= 1

U(Ai) � C=2, which meansLogC-Partial-1can useNOPT sensors to meet at least

half of the coverage requirement. Therefore,LogC-Partial-1totally needs at mostNOPT � logC sensors
to meet the coverage requirementC.

4.2.2 Solution Algorithm for the Full k-Coverage Problem

Recall that the constraint in Problem 2 is not a linear expression, because of the indicator function. When
the coverage requirement is stringent, i.e.,C = å

i2X
Ui , the entire monitoring area has to bek-covered and

the indicator function can be readily removed. That is, Eq. (6) can be reduced to å
j :i2RT

j

x j � k, and

Problem 2 reduces to

Min å
i2X

xi (8)

s:t: å
j :i2RT

j

x j � k 8i 2 X: (9)

xi 2 f 0;1g:

Because in general integer programs are NP-hard, we relax the above integer program into a linear
program by replacing the last constraint with

0 � xi � 1; (10)

and solve the linear program (named asFull-k-LP) in polynomial time. Now the remaining issues are
how to construct a feasible solution for the integer programfrom that of the linear program, and how
good the constructed solution to the integer program is. We answer both issues below:
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(1) Constructing a feasible solution for the integer program

To construct a feasible solutionf xig for the original integer program based the solutionf x̂ig returned
by the linear program, we de�ne the maximum number of sensingareas by which a cell can be covered
asF = maxi2X jf j : i 2 RT

j gj, wherej � j is the cardinality function. Note that only whenk � F, the
k-coverage problem has a solution. We assignxi = 1 if x̂i � 1

F� k+ 1; andxi = 0 otherwise.

Theorem 4.The solutionf xig constructed from the solutionf x̂ig obtained from the linear program
(xi = 1 if x̂i � 1

F� k+ 1; and xi = 0 otherwise) is a feasible solution to the original integer program
(Eq. (9)).

Proof: To prove thatf xig is a feasible solution to the original integer program, one needs to show
å

j :i2RT
j

x j � k. This can be proved by contradiction. For somei 2 X, assume that inf x̂ j : i 2 RT
j g, Pi

elements are no less than1
F� k+ 1. Let Oi

4
= jf x̂ j : i 2 RT

j gj. Then(Oi � Pi) elements inf x̂ j : i 2 RT
j g is

less than 1
F� k+ 1. If Pi � k � 1, the following inequality holds

å
j :i2RT

j

x̂ j < (Oi � Pi)
1

F � k+ 1
+ Pi = Oi

1
F � k+ 1

+ Pi
F � k

F � k+ 1

� F
1

F � k+ 1
+ ( k� 1)

F � k
F � k+ 1

= k;

which contradicts that å
j :i2RT

j

x̂ j � k (recall thatf x̂ig is a feasible solution for the relaxed linear program).

HencePi > k� 1 and hence å
j :i2RT

j

x j � k.

(2) Deriving the approximation ratio of the constructed feasible solution

Now we discuss the approximation factor of the constructed feasible solution.

Theorem 5. å
i2X

xi � (F � k+ 1) å
i2X

x�
i , wheref x�

i g is the optimal solution for the integer program and

f xig is the solution constructed from that of the linear program.

Proof: First, å
i2X

x̂i � å
i2X

x�
i because the solution space of the integer program is a subsetof the solution

space of the relaxed linear program. Thus, the following inequality holds:

å
i2X

xi � å
i2X

((F � k+ 1) � x̂i) = ( F � k+ 1) å
i2X

x̂i (11)

� (F � k+ 1) å
i2X

x�
i ;

where the �rst inequality follows from the construction rule of the feasible solution, i.e.,xi = 1 if x̂i �
1

F� k+ 1; andxi = 0 otherwise. An example can be carefully constructed to showthat å
i2X

xi = ( F � k+

1) å
i2X

x�
i , i.e.,(F � k+ 1) is a tight approximation ratio.
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4.2.3 Solution Algorithm for Problem 2

In the general case, the indicator function in Problem 2 can be “removed” by utilizing the property
I f x � kg = maxf 0;minf 1;x� k+ 1gg. Furthermore,y = maxf xi;x jg can be replaced by the following
constraints:

y � xi ; y � x j ;

y� xi � ciM; y� x j � (1� ci)M;

ci 2 f 0;1g;

whereM is a suf�ciently large positive constant. The �rst pair of constraints ensures thaty is no less
than eitherxi or x j . The second pair of constraints ensures that eithery = xi or y = x j , depending on
whether the variableci is 0 or 1.

Similarly, y = minf xi;x j g can be replaced by the following constrains:

y � xi ; y � x j ;

xi � y � ciM; x j � y � (1� ci)M;

ci 2 f 0;1g:

Therefore Problem 2 can be reduced to the following integer program (named asPartial-k-IP):

Min å
i2X

xi

s:t: å
i2X

Ui � yi � C;

yi � 0; yi � zi ;

yi � ciF; yi � zi � (1� ci)F; (12)

zi � 1; zi � å
j :i2RT

j

x j � k+ 1;

1� zi � diF;

å
j :i2RT

j

x j � k+ 1� zi � (1� di)F;

xi ;ci ;di 2 f 0;1g:

Unfortunately converting the above integer problem into the linear program by enforcing 0� xi � 1,
0 � ci � 1, and 0� di � 1 and constructing the corresponding solution for the original integer program
does not always yield a feasible solution. Actually, allowing 0� ci � 1 and 0� di � 1 results in the opti-
mal å

i2X
xi equal to zero. Hence, in what follows we discuss a heuristic algorithm based on the algorithm

proposed above for partial 1-coverage.
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One-Incremental Algorithm for Partial k-Cover.

One straightforward solution for partialk-coverage is to perform the 1-coverage algorithmk times.
The pseudo code of the one-incremental algorithm is given inAlgorithm 2. By the end of the(r � 1)th

invocation of the 1-coverage algorithm, it is possible thatsome cells have already been at leastr-covered,
denoted asX0 = f i 2 X : I (å j :i2RT

j
x j � r) = 1g. Therefore, in therth invocation of the 1-coverage

algorithm, the utility coverage requirement can be reducedby å
i2X0

Ui . Also, the coverage utility gain for

placing a sensor in celli in thek-coverage case is

U(RT
i ; k;Y) = å

j2RT
i

U j � I fjf h : h 2 Y ^ j 2 RT
h gj = k� 1g; (13)

which is the total utility of cells that are inRT
i and have already been exactly(k � 1) covered by the

placementY. Hence, if one sensor is placed at celli, U(RT
i ;k;Y) would be the utility gain with respect

to k-coverage.

Algorithm 2 One-Incremental (X; f RT
i g;U;C)

1: Y = /0
2: for r = 1;r � k; r + + do
3: X0= f i 2 X [ Y : i is at least r-covered by Yg
4: C0= C� å

i2X0
Ui

5: while C0> 0 AND X 6= /0 do
6: i � = argmaxi2XU(RT

i ; r;Y)
7: Y = Y [ f i � g
8: X = X n f i � g
9: C0= C0� U(RT

i � ; r;Y)
10: end while
11: end for
12: returnY

Redundancy Removal.

The above heuristic algorithm acts in a greedy manner by choosing the cells that contribute the most
utility. It is possible that in the resulting placement, some sensors are redundant, in the sense that their
removal will not result in the failure to ful�ll the utility coverage requirement. These are the sensors we
should remove after invokingOne-Incremental.

The pseudo code of the redundancy removal procedure is givenin Algorithm 3. It operates in a greedy
manner. LetY denote the set of cells returned by eitherOne-Incrementalor Partial-1+Full-k. For8i 2 Y,
the utility loss after the removal of the sensor in celli is exactlyU(RT

i ;k+ 1;Y), which equals the total
utility of cells in RT

i that are exactlyk-covered byY. Thus, removingi from Y results in that amount of
utility loss. Iteratively, one searches for the celli 2 Y with the smallestU(RT

i ;k+ 1;Y). If Y n f ig can
still satisfy the requirementC, cell i is removed fromY.
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Algorithm 3 Redundancy Removal (X;Y; f RT
i g;U;C)

1: while Y 6= /0 do
2: i � = argmini2YU(RT

i ; k+ 1;Y)
3: if å

i2X
Ui � I fjf h : h 2 Y n f i � g^ i 2 RT

h gj � kg � C then

4: Y = Y n f i � g
5: else
6: break;
7: end if
8: end while
9: return Y

4.3 Gathering and Computing the Input Data

Data gathering and computation in order to prepare input forthe sensor placement algorithms comprise
a major part of the sensor placement process. Recall that the most important input to Problems 1 and
2 that characterizes the physical phenomena is the set,RT

i , of cells that can be covered within timeT
by placing a sensor in celli. In this section, we discuss how one can leverage the SCIPUFFmodel to
calculateRT

i , taking into account of the characteristics of the releasedmaterial, terrain, land cover, and
meteorological conditions.

Calculation ofRT
i is affected by the following parameters: released material(characteristics of the

material such as the decay rate and deposition velocity, therelease function), terrain, and meteorological
conditions. The former can be obtained from theGLOBEdatabase [27] by National Geophysical Data
Center. GLOBE contains elevation data for the whole world ata latitude-longitude grid spacing of 30
arc-seconds. On the other hand, a useful representation of the meteorological conditions at a location
is a wind roseemphwind rose. A wind rose gives an information-laden view of how wind speedand
direction are typically distributed at a particular location. Speci�cally, it speci�es wind direction and
speed pairs and their percentage of occurrence. The wind rose that is most used is produced by the
National Resources Conservation Service (NRCS). NRCS usesdata from the Solar and Meteorological
Surface Observation Network (SAMSON) that consists of hourly observations from 1961 through 1990
at 237 National Weather Service stations in the United States, Guam, and Puerto Rico.

Given a detection timeT, the dispersion in a cell that results from a release is computed with the
use of SCIPUFF [25, 26]. The dosage �eld resulting from a dispersion computation is contoured by the
exposure levels. After the dispersion contours that resultfrom the release in every cell is obtained, one
can computeRT

i as follows: Let the threshold of the dosage level required for a sensor to detect a plume
activity isTh. A cell j is added intoRT

i if cell i is contained in the contour of the dosage level� Th and
the dispersion contours result from a release in cellj within timeT.

4.4 Performance Evaluation

The sensor placement algorithmOne-Incrementalhas been evaluated in the real setting of Port of Mem-
phis, with the objective of protecting people in Memphis andits vicinity against chemical plume attacks.
Also, both random placement and grid placement are used as baseline algorithms and their perfor-
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Fig. 4 The terrain, population, and meteorological conditions inPort of Memphis and its vicinity.
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mance (with the use of the same number of sensors asOne-Incremental) are compared againstOne-
Incremental. The coordinate (Longitude, Latitude) for the lower left corner of the monitoring area is
(-90.25E, 34.85N), while that for the upper right corner is (-89.75E, 35.35N). The width and length
of the monitoring area are both 0.5 arc-degree, which is about 45km� 55km. Fig. 4(a) is the satellite
picture of the area provided by Google Earth [28]. The area isdivided into 60� 60 cells, and each cell
is 0:50� 0:50 in arc-minute, and 750m� 917m. Fig. 4(c) shows the terrain of the monitoring area.

Because the objective is to protect people in Memphis and itsvicinity against chemical plume attacks,
the utility function is de�ned to be the population distribution. To obtain the population in each cell, one
can leverage the LandScan 2005 data [29] at 30 arc-second resolution. (The LandScan USA project
has produced day- and night-time high resolution population distributions at 3 arc-second resolution for
some cities, including Memphis, but these data have yet to bevetted and released by the Department of
Homeland Security.) Fig. 4(b) shows the population distribution in the monitoring area.

The threats are modeled as instantaneous releases of speci�c materials at speci�c release rates using
the Hazard Prediction and Assessment Capability (HPAC) [30]. The SAMSON data at the Memphis
International Airport (which is close to the center of the monitoring area as shown in Fig. 4(a)) is used.
As shown in Fig. 4(d), the wind with speed between 0 and 2 m/s indirection 0o (blowing from North)
and in direction 180o (blowing from South) are the most common cases. Thus, the experiment focuses
on these two meteorological conditions. Given the terrain and meteorological conditions, the sensing
area of a sensor is a function of time. Fig. 5 gives the sensingareas of sensors in different locations and
with different detection times.

The expected detection time has been used as the performancemetric. Given a sensor placement, the
expected detection time is calculated as follows. A total of100 locations are randomly chosen to set
up chemical releases. The probability that a release occursis proportional to the population of the cell
where the release occurs. Fork-coverage, the detection time is the time between the time instant the
threat is released and the time instant it is detected by at leastk sensors.

Fig. 6 shows the expected detection time forT = 30, 60 and 90 min under the case ofk = 3. Sev-
eral observations are in order. First, the expected detection time of the placement byOne-Incremental
decreases asC increases, and eventually becomes smaller than the maximumallowable detection time
T. Second,One-Incrementalincurs 30%� 50% smaller detection time than random or grid placement.
Third, the expected detection time of the placement byOne-Incrementalappears to converge to a value
that is less thanT whenC becomes large. This implies that partial coverage with a reasonable high
coverage requirement has comparable performance to full coverage.

5 Coverage with the Use of Mobile Sensors

Once sensors have been deployed in the area according to certain sensor placement/density control
algorithm, operating conditions may change to render the original results suboptimal or invalid. Either
additional sensors have to be statically deployed or mobilesensors can be dispatched to monitor the area
and/or detect events of interest. In the case that (some of) the sensors are mobile, coverage reduces to
the problem of laying out sensor movement trajectories, subject to threat pro�les, to minimize the effect
of threats. Speci�cally, the monitoring areaR is divided into a two-dimensional grid of cells. For each
cell i, therisk ri is de�ned as the steady-state presence probability of the event of interest (e.g., chemical
attack) ini. The distribution of threat in the area is characterized by athreat pro�le, denoted byF (e.g.,
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(a) Wind speed = 1 m/s from North (b) Wind speed = 1 m/s from South

Fig. 5 Sensing areas within detection timeT = 30, 60 and 90 min, under different meteorological conditions. Note the
sensing areas are prolonged along the opposite direction ofthe wind.

the population distribution of the area). The threat level of a cell i is given by its risk multiplied by the
threat ini, normalized by the aggregate threat level of the coverage area.

5.1 Threat-based Coverage Algorithm

With the intent to cover the cells in proportion to their threat levels, we now introduce, based on the
random waypoint (RWP) model [32], a stochastic movement algorithm to achieve threat-based coverage.
Speci�cally, in the RWP model, a mobile sensor node moves around the monitoring areaRin a sequence
of trips. Each trip is a straight line starting at some point and ending at some other point. The ending
point, called awaypoint, of one trip becomes the starting point of the next trip, and so on. Each waypoint
is chosen uniformly randomly from the entire area. Once the sensor node reaches a waypoint, it may
also pause for a random amount of time. When the sensor node ismoving during a trip, the speed may be
drawn from a certain distribution, but is otherwise �xed forthe whole trip. We start off with a weighted
version of the RWP algorithm, which we callweighted random waypoint(WRW) [36]. Suppose that
the sensor is currently at celli. A cell j; j 6= i, is chosen to be the next waypoint with probabilityF ( j).
The choice of the waypoint is made according to the threat pro�le, instead of the uniform random
distribution.

The basic WRW algorithm is simple, but its coverage pro�le fails to accurately match the threat
pro�le, because it fails to consider theintermediatecells covered between the source and destination.
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Fig. 6 Average detection time given different maximum allowable detection timeT. k = 3 for these experiments.

For example, consider a coverage area with a few high threat hotspots. In moving between the hotspots
to give them adequate coverage, the sensor will also visit frequently all the cells between the hotspots,
thus overcovering the intermediate cells. To solve the problem, the basic algorithm is augmented with
the following features:

� Maximum trip length. The distance of one trip is not allowed to exceed a parameterL (in distance
units). Hence, when one chooses the next waypoint, we restrict the candidate cells to be within
the disc of radiusL and centered at the current cell. Limiting the trip length forces the algorithm
to consider more possible routes to go between any two hotspots, thus reducing the possibility of
“warming up” the intermediate cells.

� Adaptivity to prior coverage. Because of the probabilistic nature of the algorithm, the correlations
between the cells visited, and the �nite speed of the sensor,the algorithm's actual coverage at any time
may deviate from the given threat pro�le. To correct the deviation, the notion ofundercoverageis
introduced and computed for each celli asCt (i) = maxf 0;F (i) � P t(i)g; whereP t (i) is the fraction
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of time that celli was visited by the sensor up until the end of thetth trip. Then, the probability that a
candidate cell, sayi, is chosen as the next waypoint is proportional toCt (i). Hence, an undercovered
cell is more likely to be chosen as the next waypoint than a cell that has received too much coverage.

� Random pause time.If the sensor is at an undercovered cell, one way to correct the undercoverage
is for the sensor to stay in the cell for some pause timep. The timep is drawn randomly from a
distribution determined by a pause time parameter denoted by P (in time units). Speci�cally, at the
end of thetth trip at destination celli, p � U(0;Wt (i)) , where

Wt(i) =
P� Ct (i)

S j2CCt( j)

andC is the set of cells that are candidates as the next waypoint. The range of the pause time is
controlled byP. In general, the pause time is expected to be larger when the undercoverage is higher.
After the pause, the selection of the next waypoint that de�nes the next trip occurs as before. The
pause time attempts to correct the undercoverage in an extremely ef�cient way–with zero movement
overhead and no possibility of inadvertently changing the coverage of other cells.

Notice that the set of features augmenting the WRW algorithmcan be picked�a la carte. For the
convenience of notation, we denote a particular augmented algorithm by WRW-f eat, where f eat is a
list of letters enumerating the augmentations in alphabetical order, and the letters L, a, and P, are for the
“maximum trip length”, “adaptivity to prior coverage”, and“random pause time” features, respectively.
For example, WRW-L denotes the WRW algorithm with the maximum trip length constraint, and WRW-
aLP denotes the algorithm with all the three features enabled.

Matching performance.

A simulation study has been carried out in [36] to illustratethe performance of the algorithms introduced
above. The coverage of a number of metropolitan cities, including San Francisco, Los Angeles (LA),
Atlanta, Paris, London, and Tokyo, is considered. Fig. 7(a)gives the threat pro�le of Atlanta. Figs 7(b)–
(e) show the achieved steady-state coverage pro�les of the WRW, WRW-a, WRW-aL, and WRW-aLP
algorithms, respectively, also for Atlanta. Visually, thematching with the threat pro�le improves as we
progress from Fig. 7(b) to Fig. 7(e). The visual observationcan be quantitatively con�rmed by com-
puting the root mean square error (RMSE) of the matching. TheRMSE achieved by each algorithm is
shown in Fig. 8, normalized to the RMSE of the WRW algorithm. For the �ve cities shown, including
Atlanta, the normalized RMSE consistently decreases from left to right. Hence, the progression of fea-
tures, namely, a, aL, and aLP, each contributes to increasedmatching accuracy, and WRW-aLP is the
most powerful algorithm in the matching respect.

5.2 Temporal dimension of uncertainty reduction

In the previous discussion, we assume that a source is detected whenever it falls within the range of
a sensor. In real life, the sensing process is unreliable, and the sensing environment is noisy. A single
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Fig. 7 Threat pro�les and steady-study coverage pro�les of mobility algorithms for Atlanta.
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sensor reading, obtained at one point in time, generally does not give all the useful information about
the environment.

Speci�cally, consider the detection of a point radiation source of strengthA, in counts per minute
(CPM), such that an ideal detector without background radiation located at a distanced from the source
will register a count ofc in a one second time interval. By radiation physics [33],c is Poisson distributed
with parameterA=d2. However, because of background radiation, a detector may register a radiation
count even when there is no identi�able source present. Moreover, these counts are random. Hence,
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a method is needed to ensure that a sensor count is due to a radiation source, and not due to random
�uctuations of the background radiation, which can be modeled as a point source of strengthB.

A reliable detection method can be derived based on the Neyman-Pearson test [38]. The method will
allow us to conclude that a sensor reading is from a radiationsource with false alarm ratea . Consider a
sensor, sayi, that registers a radiation count ofci in a unit time interval. The source detection problem
is formulated as the following hypothesis testing [39]:

� H0 : ci is Poisson distributed with parameterB;
� H1 : ci is Poisson distributed with parameterB+ A=d2.

We can then formulate the Neyman-Pearson test with a false alarm probability ofa by computing a
thresholdt such that ifPr(ci jH1)=P(ci jH0) > t , thenH1 is chosen and otherwise,H0 is chosen. The
value oft that yields the desireda can be computed using the Lagrangian method.

The implication of hypothesis testing, as it occurs in the Neyman-Pearson method, is that the con-
�dence, or theutility, of a detection result is increased if the time interval of the sensing is increased.
The utility function of the sensing against the sensing timeis of the form in Fig. 9, which illustrates an
interestingtemporal dimensionof the sensing problem. The utility function shown is concave, which is
representative of many real life sensing activities.
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Fig. 9 Con�dence (i.e., utility) of measurement as a function of the sensing time in radiation detection: empirical charac-
terization and least-square �t function.

To investigate whether or not the temporal dimension matters for sensor mobile coverage, the fol-
lowing experiment has been carried out in the ring topology in Fig. 10 [37]. The area is divided into a
circular sequence of 50 cells. It has ten points of interest (PoIs), at which a dynamic radiation source to
be detected may appear. The PoIs are uniformly placed on the ring, and each adjacent pair of PoIs is the
same distance apart. A source is dynamic because its appearance is atransientevent–i.e., the source is
alternately present and absent–at a PoI, as controlled by given Poisson processes.

The WRW-aLP algorithm discussed above considers a PoI as high threat, and therefore will target
the PoIs speci�cally for coverage. Moreover, since a sensorunder WRW-aLP may pause for signi�cant
time intervals at the PoIs, the algorithm has the ability to increase the utility of detection results having
a temporal dimension. The mobile coverage by one sensor under WRW-aLP is compared with:

� Best-casestatic coverage, in which the sensor is static and the staticposition is chosen to give the
best performance of sensing.
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Inaccessible Cells

PoI
Non-PoI

Fig. 10 The ring topology.

� Mobile coverage by an algorithm designed for simple event capture, without considering the tem-
poral dimension [31]. The example algorithm, called theBAI06algorithm after its designers Bisnik,
Abouzeid, and Isler, counts an event (the presence of a source) as captured whenever the event falls
within the sensing range of the sensor during the event's lifetime, and does not further evaluate the
con�dence of the detection. By the BAI06 algorithm, the sensor moves continuously (without paus-
ing) around the circuit in Fig. 10, at a speci�able speedv.

Performance is measured by the normalized utility of the events captured. This is the sum of the
utilities of all the events that are captured within a given time interval, normalized by the total number
of events that appear during the time interval. A higher normalized utility shows that the sensor can
collect a larger total fraction of the interesting information. Fig. 11 plots the normalized utility achieved
by the different algorithms as a function of the sensor's average speed. Two observations are in order:
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Fig. 11 Normalized utility as a function of the average sensor speed.

� Notice that WRW-aLP(0) has a similar performance as BAI06. This is becauseP = 0 ensures that the
sensor will continuously move between the PoIs, similar to the BAI06 algorithm. WhenP increases
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to 2.7 time units, however, WRW-aLP(2.7) can perform signi�cantly better than BAI06. For example,
when the average speed is about 2.2 mph, WRW-aLP(2.7) achieves a 50% higher normalized utility
of 0.12, compared with 0.08 for BAI06. The results show that pausing at PoIs can improve the quality
of the sensing by allowing the events to be measured for longer and therefore with higher con�dence.

� Static coverage is extremely ef�cient. Hence, while it is inherently unfair (i.e., it completely ignores
some of the PoIs), it might perform the best purely from a utility standpoint. Fig. 11, however, shows
that WRW-aLP always outperforms static coverage when the average speed exceeds a modest value.
This is partly due to the concavity of the utility function. When the utility function is concave, much
of the utility is obtained during the initial period of observing a new event. This encourages the
sensor to occasionally move from one PoI to another in order to catch more new events, as long as
the moving speed is not too low to make the travel overhead toohigh.

Interestingly, the above results show how the temporal dimension can fundamentally impact the per-
formance of mobile coverage. To illustrate, it is known thatfor the BAI06 algorithm, a faster sensor
always gives better performance in the sense of more events captured. The results here show that, while
increasing the speed of the sensor can increase the fractionof the events captured [31, 35], the sensing
uncertaintyabout each captured event also increases, when the temporaldimension is present. Intu-
itively, while moving quickly may allow the sensor to see more events, the vision of each event becomes
increasingly blurred due to the fast movement.

6 Thoughts for Practitioners

In reality, the sensing area of sensors may be dynamically changing with various physical conditions.
As illustrated in Fig. 5, the sensing areas (or equivalentlythe calculation ofRT

i ) highly depend on
meteorological conditions. One cannot use a �xed meteorological condition to generate the contours
of the dispersion and place sensors accordingly; otherwisethe coverage requirement may not be met
when the meteorological conditions change through the seasons or over the years. Here we propose
one way to extend theOne-Incrementalalgorithm to handle various sensing areas induced by various
meteorological conditions. Letf �RT

i g andf R̈T
i g denote two sets of sensing areas in the sameFoI, induced

by two different meteorological conditions. Note that in general �RT
i 6= R̈T

i . The two sets of sensing areas
can be merged to de�ne a new merged sensing area of a sensor (placed in a celli) asRT

i = �RT
i [ R̈T

i .
Moreover, the utility of a cell under a certain meteorological condition is de�ned as its original utility
multiplied by the probability that this meteorological condition occurs. In this way, the sensor placement
problem that accommodate various meteorological conditions is essentially the same as that for one
speci�c meteorological condition (�xed wind speed and direction).

We have provided threat-based mobile coverage in which the coverage time is accurately apportioned
by the threat pro�le. Ideally, one would like the sharing to be realized over extremely �ne time scales,
so that the sensor will return to every PoI quickly and detectany interesting event with small delay. In
practice, such �ne time-scale sharing is limited by the speed of the sensor and the time/energy overheads
of travel between the PoIs. The travel overhead is more generally a primary issue in mobile coverage,
namely its advantages must be properly balanced against thecosts of supporting the mobility.
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7 Directions for Future Research

In the chapter, the sensing models considered is deterministic, which assumes that events within the
sensing area are always detected and there is no false positive either. Another type of sensing models is
probability-based, which speci�es the con�dence intervalof detections. So one future work is to study
how to place sensors under a probability-based model such that the overall false alarm rate and target
missing rate are minimized.

Second, power consumption and network lifetime are important performance criteria for sensor net-
works. In OGDC, each node probabilistically volunteers itself to be a starting node in each round. In
order to ensure uniform power consumption across the network, a node choose this probability based on
its remaining power. One future work is to extend OGDC (or other density control algorithms) in order
to achieve the maximal network lifetime, while still satisfying the coverage requirement.

For mobile sensor coverage, we have considered differential coverage based on the importance lev-
els of different sub-areas. Another important consideration is the type of event being covered and the
event dynamics. Optimal mobile coverage algorithms can be designed to maximize the amount of the
information captured, based on such information. Also, if we have multiple sensors, the coverage of the
sensors may overlap. If the number of sensors is large relative to the coverage area, and these sensors
independently try to cover the whole area, the redundancy ofthe coverage may be signi�cant, resulting
in inef�cient resource use. In this case, a coordination protocol that will enable the sensors to work well
together as a group becomes important.

8 Conclusion

In this chapter, we �rst introduce several fundamental properties of coverage and show the formulations
of the coverage problem in different ways. Then we discuss indetail a decentralized and localized
density control algorithm, OGDC. A simulation study shows that the number of working nodes required
under OGDC modestly increases with the number of sensor nodes deployed, while both PEAS and CCP
incur a 50% increase in the number of working nodes.

Next, we consider the problem of sensor placement in a more realistic setting: we acknowledge non-
negligible detection time; we allow the sensing area of a sensor (at certain time instant) to be anisotropic
and of arbitrary shape, and we de�ne the utility functionU(�) to model the expected utilities of coverage
(or risks of insuf�cient coverage) in different parts of thearea. The proposed sensor placement algorithm
One-Incrementalis evaluated in the realistic setting of Port of Memphis. Theresults show thatOne-
Incrementalincurs 30%� 50% smaller detection time than random or grid placement.

Finally, we consider threat-based mobile coverage, and evaluate how the temporal dimension of real-
life sensing tasks will impact the performance of the mobilecoverage.
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9 Terminology

� Coverage Problem: how to deploy sensor nodes to cover a monitoring area in order to ful�ll certain
performance criteria, such as minimizing the number of sensors, or minimizing the sensing range.

� Sensing Range: the sensing range of a sensor is the range within which events of interest can be
detected by the sensor.

� Detection TimeT: the time interval between the instant when the event of interest happens and the
instant when the event is detected byanyof the sensor nodes.

� Coverage RequirementC: in the case of partial coverage, Coverage RequirementC is used to lower-
bound the coverage performance, such as the area or the population covered.

� Neyman-Pearson Method: A hypothesis testing method to increase the reliability ofdetecting a
point radiation source in the presence of background radiation.

� OGDC: Optimal Geographical Density Control [7].

� SCIPUFF: Second-order Closure Integrated Integrated Gaussian Puff (SCIPUFF) is a dispersion
model [25, 26], which can be to calculate the dispersed material in space and time, subject to terrain,
land cover, and meteorological conditions.

� Temporal Dimension of Sensing: The effects of the sensing time on the reduction of the sensing
uncertainty, by producing a sequence of measurements enabling the removal of noise and statistical
outliers.

� Threat-based Mobile Coverage:Mobile coverage by a sensor, with the goal of matching the cover-
age pro�le with a given threat pro�le.

� Wind Rose: a wind rose gives an information-laden view of how windspeedanddirectionare typi-
cally distributed at a particular location. Speci�cally, it speci�es wind direction/speed pairs and their
percentage of occurrence.

10 Exercises

1. What is sensor placement problem and what is sensor density control problem. And explain how
these two are related.
Solution: Sensor placement is to place sensors in order to ful�ll certain performance criteria. On the
other hand, if inexpensive sensors with a limited battery life are available, they are usually deployed
with high density. The most important issue in this case is density control — how to control the
density and relative locations ofactivesensors at any time so that they properly cover the monitoring
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area. The two problem both broil down to the issue of determining a set of locations either to place
sensors or to activate sensors in the vicinity.

2. Why we needk-coverage (k > 1)?
Solution: more than one readings are required in some applications, such as localizing or tracking
targets. Alsok-coverage can be used to increase the ability of faulty tolerance.

3. Give one suf�cient condition for complete coverage by using sensors withconvexsensing area. Does
your condition hold for sensors with arbitrary sensing area?
Solution: Lemma 1 still holds when changing the sensing area from perfect disks toconvexareas.
But a simple example can show that Lemma 1 does not hold any more if the sensing area could be
concave.

4. Sketch a proof that complete coverage of a convex area implies connectivity among the sensors, given
that the radio rangerc is at least as twice the sensing rangers.
Solution: We prove this by contradiction. If a network is disconnected, there exists a pair of nodes
between which no path exists. Let(S;D) be a pair of nodes with theminimumdistance among all
pairs of disconnected nodes . Considering the circle whose center is on the line from nodeSto node
D, the distance between its centerO and nodeSis rc. We claim that there must exist some other node
within or on the circle. Otherwise we can �nd a point nearO that is not covered by any node, which
violates the condition of coverage. Let nodeP be such a node that lies within or on the circle. We
can see thatjSDj > jPDj, which contradicts the assumption that nodes S and D have theminimum
distance among all the pairs of disconnected nodes.

5. For simplicity of algorithm discussion in OGDC, we have assumed that all nodes are time synchro-
nized. Find a way to relax this by only requiring relative time synchronization.
Solution: In the �rst round we designate a sensor node to be the starting node. When the starting
node sends a power-on message, it includes in its power-on message a durationdT after which the
receivers should wake up for the next round. When a non-starting node broadcasts a power-on mes-
sage, it reduces the value ofdT by the time elapsed since it receives the last power-on message and
includes the new value ofdT in its power-on message. In this fashion, all the nodes get synchronized
with the starting node and will all wake up at the beginning ofthe next round.

6. Prove that the two problem formulations in Section 2.2 areequivalent.
Solution: Suppose we have a solution algorithmMin N(R) to minimize the number of sensorsN
given the sensing rangeR. We can construct, based on binary search, a solution algorithmMin R(N)
to the second problem as follows. LetRmin andRmax denote the minimum and maximum possible
values of the rangeR. At the beginning, we setRmin = 0, andRmax to cover the entire area. Now
let R= ( Rmin + Rmax)=2, and we invokeMax N(R) and compare the return coverageN0 against the
givenN for the second problem. IfN0= N, thenR is the optimal value; else ifN0> N, we continue
the search in the interval[Rmin;R]; else (N0< N), we continue the search in the interval[R;Rmax].

7. Propose another heuristic algorithm, other thanOne-Incremental, for the partialk-coverage problem.
Solution: Partialk-cover can also be achieved based on partial 1-cover and fullk-cover algorithms
proposed above. Speci�cally, by invoking a partial 1-coveralgorithm, we can locate cells that can
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be 1-covered in order to satisfy the coverage utility requirement. Then we invoke the fullk-coverage
algorithm on those cells that have been 1-covered.

8. How does the instantaneous coverage of a mobile sensor differ from a static sensor? In what situations
might mobile sensors be desired?
Solution: The instantaneous coverage of a mobile sensor is the same asa static sensor. However, the
coverage of a mobile sensor is larger than that of a static sensor over time. Mobile sensors can be
useful to expand the area of coverage without increasing thenumber of sensors.

9. If a mobile sensor uses the random waypoint algorithm in anopen rectangular area, what do you
think would be the coverage pro�le? Explain why.
Solution: Although RWP picks the destination of each trip with a uniformly random probability, the
coverage pro�le is not uniform. Instead, the coverage wouldconcentrate in the middle of the area,
and the edges and corners would be largely ignored. This is because from any given position, the
sensor is more likely to move towards the center of the area. For example, if the sensor is now close
to the SE corner, then the next destination it picks will mostlikely be in the NW direction, resulting
in movement towards the center.

10. Suppose three cells, 1, 2, and 3 form a horizontal grid in that order, i.e., Cell 2 is in the middle
between 1 and 3. Suppose the threat pro�le is (0.5, 0, 0.5). What pause time values would be effective
for accurate matching? What is the problem in practice of using such a pause time value?
Solution: In this case, we want 50% coverage for 1 and 3, but 0 for 2. However, the sensor cannot
go between 1 and 3 without going through 2. An accurate solution for matching in this case is for the
sensor to stay a long time at 1, quickly go to 3 through 2, stay an equally long time at 3, and so on.
The practical problem is, however, the sensor will be absentfor prolonged periods from both 1 and
3, which may delay the discovery of interesting events at those cells.

11. For the dynamic events described in Section 5.2, why is itin general advantageous for the sensor to
move as quickly as possible between the PoIs in order to detect as many events as possible?
Solution: Each event in Section 5.2 appears in a PoI, stays for a while, disappears, and then the next
event will appear after some time. Since we are interested only in the number of events detected,
there is no reason for the sensor to stay after it has seen an event. Indeed, the sensor will not gain
new information for an expected time until the next event appears. The sensor should instead go to
another PoI to look for more information.
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Appendix

A.1. Proof of Lemma 2

The Lemma is proved by showing that given the conditions stated in the lemma, the number of working
sensor nodes and the overlap have a linear relationship witha positive slope.

Let the indicator function of a working nodei, Ii(x), be de�ned as

IR(x) =
�

1 if x 2 R;
0 otherwise:

Let R0be a region that containsRand the coverage areas of all sensor nodes. Then the coveragearea of

a sensor nodei is a disk with the size
R

R0Ii(x)dx
4
= jSi j, wherejSi j denotes the size of the areaSi covered

by sensor nodei. By condition (ii), jSi j = jSj for all i. With the de�nition of Ii(x), the overlap at pointx
can be written as

L(x) =
N

å
i= 1

Ii(x) � IR(x); (14)

whereN is the number of working nodes, and the overlap of sensing areas of all the sensor nodes,L,
can be written as

L =
Z

R0
L(x)dx

=
Z

R0
(

N

å
i= 1

Ii(x) � IR(x))dx

=
N

å
i= 1

Z

R0
Ii(x)dx� j Rj

= NjSj � j Rj; (15)
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where condition (i) is implied in the �rst equality and condition (ii) is implied in the fourth equality.
Eq. (15) states that minimizing the number of working nodesN is equivalent to minimizing the overlap
of sensing areas of all the sensor nodesL.

A.2. Proof of Lemma 3

There are multiple coverage areas centered atCi 's and they all intersect at pointO. The centers of these
coverage areas are labeled asCi , with the indexi increasing clockwise. (Fig. 1 gives the case ofk = 3,
whereC1 = A, C2 = B, andC3 = C.) Now å k

i= 1
6CiOC(imodk)+ 1 = 2p and6CiOC(imodk)+ 1 + a i = p.

From the above equations, one can derive thatå k
i= 1a i = ( k� 2)p.


