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Abstract— In this paper, we consider the problem of placing  (sensors) are adjacent only if their distance is less than
networked sensors in a way tha_t guarantees coverage and g given reachability threshold.
connectivity. We focus on sampling based deployment and The assumptions are very general because, both for

present algorithms that guarantee coverage and connectivity . .
with a small number of sensors. We consider two different COVErage and connectivity, we do not apply any weighting

scenarios based on the flexibility of deployment. If deployment  Of distances or any quality measurement. However, this
has to be accomplished in one step, like airborne deployment, simplified model enables us to answer the following ques-
then the main question becomes how many sensors are tion: What is the minimum number of sensors needed for
needed. If deployment can be implemented in multiple steps, - o ;aranteed coverage and connectivifjRough terms like
then awareness of coverage and connectivity can be updated. ; y . LTS S
For this case, we present incremental deployment algorithms smart dust” might imply that there is infinite availability
which consider the current placement to adjust the sampling  Of such sensors, there are several reasons why we need to
domain. The algorithms are simple, easy to implement, and estimate a minimal necessary number of them: Deployment
require a small number of sensors. We believe the concepts of “infinite” sensors causes interference [9], the system
and algorithms presented in this paper will provide a unifying  acomes easily detectable by adversaries in surveillance
framework for existing and future deployment algorithms h . . .
which consider many practical issues not considered in the Fasks and placing many s_ensors InCreases non-invasiveness
present work. in natural and urban environments.
Our approach brings together results from sampling the-
. INTRODUCTION ory in machine learning and from the theory of geometric
Recent achievements in low power processors, wirelesandom graphs. When considering large sets of data, it is
networking, and sensor technology gave rise to the newatural to ask what the most representative samples of them
field of wireless sensor networks. The technological andre. Let us, for now, be sloppy and associate samples with
scientific issues underlying their development and deploysensor units. For continuous signaispresentativaneans
ment are very challenging and crosscut most of the are&®ing able to recover the original signal from the sampled
in electrical engineering and computer science. The readenes. For recognition, it means that a classifier trained
is referred to two of the main centers of activity, at theon these data will be accurate. In this paper, we use the
University of California at Berkeley [24] and Los Angelesidea of random sampling in geometric sets [27], [2]. The
[16], for an overview of the state of the art. guestion we address is: How many samples (sensor units or
From a robotics perspective, sensor-network technologybots) must be drawn such that every point in a possibly
is very important for two reasons. First, we can viewunknown scene is covered by least one sensor. Learning
teams of robots with communication capabilities as sensotheory provides us a theorem which places an upper bound
networks. Therefore, the results in this paper directlyon the number of sensors for a given relative coverage. The
apply to the deployment of mobile robots. Second, sensoctritical concept here is that of Vapnik-Chervonenkis (VC)
networks can help in many mobile robotics tasks [6]. Fodimension [39], described in Section Il. In wireless ad hoc
example, imagine for a foreign terrain mapping task, waetworks of sensors, coverage is meaningless if sensors can
could deploy sensor networks on a field before we deplogot convey this information to each other. When the sensors
our robots. The robots then could use these sensors to hele placed randomly, it is not clear whether the underlying
in many issues such as localization. graph will be connected. Here we employ the theory of
In this paper, we address the problems of coveragendom graph connectivity. Given a range specification,
and connectivity using as few as possible static wirelesse can estimate the number of sensors sufficient for graph
sensor units, similar to the micro-routers of [35]. Examplegonnectivity. Similarly, we can estimate the communication
include fire sensors deployed in a forest to detect foresange required to ensure connectivity for a given number
fires or sensor fields for surveillance. By coverage wef sensors.
mean that every point in the environment is within the If the system can obtain coverage information during
range of at least one sensor. Connectivity, on the oth&eployment, placing sensors to only uncovered areas results
hand, is the requirement that every sensor can communicatea more efficient sampling scheme in terms of number
with every other sensor. This is simply the connectivityof sensors. A second algorithm guarantees connectivity by
requirement of the underlying graph whose two nodeadjusting the sampling domain with respect to not only the



uncovered area but also the current communication rangeae coverage and connectivity information obtained during

The problem of sensor placement has been studied eplacement and conclude the paper with a discussion of
tensively for non-connected sensors in robotics, computeesults presented.
vision, and computational geometry. Perhaps the most
theoretically solid study of sensor placement considers the Il. PRELIMINARIES
art gallery theorem —given a known environment, modeled In this section, we introduce the basic concepts used
by a simple polygon, the problem asks for guards to bé this paper: set-systems, VC-dimension, andets. A
placed so that the gallery is completely guarded [29], [36]set system is a paifX,R) whereX is a set andR is a
[30]. It is known that|%| guards are always sufficient collection of subsets ok'.
to cover a polygon withn vertices but the problem of  Definition 1 ([39]): Given a set systeniX,R), let A
finding the minimum number of guards is NP-hard. Therde a subset ofX. We say A is shattered byR if for all
are several proposed approximations and a recent surv€yC A, IR € R such thattnNA =Y. The VC-dimension
of them can be found in [15]. The study of art galleriesof (X, R) is the cardinality of the largest set that can be
has direct consequences for sensor networks that emplghattered byR.
line-of-sight communication [1] and is also important for
localization tasks [34], [40], [9]. View planning and sensor
placement has also been addressed in the field of robotics
[11], [18], [25] and computer vision [37].

In sensor networks literature, the term coverage has
several meanings. Usually, however, coverage refers to
the quality of service that can be offered by a particular O
network [26], [28]. Deployment, on the other hand, refers
to the placement of sensors. The main issues when consid-
ering sensor deployment are maximizing network coverage
and maintaining the connectivity of the network [9], [22],
[31], [12], [40], [33].

For many sensor network applications, sampling has
been the choice placement strategy [7], [17] for a varietfig- 1. 3 points shattered by 8 disks: for any subset of these points,
of reasons. Generally, it is either impossible or very dif_here exists a disk that contains only those points and none other.
ficult to place sensors precisely. A typical example is the
dissemination of sensors from an airplane onto foreign ter- For example, consider the set systei, R), whereX
ritory for surveillance purposes [10], under severe weathds a set of points on the plane and the subsetRiare
conditions. obtained by intersecting the points ¥ with the set ofall

It is also known that random geometric networks aralisks in the plane. Figure 1 shows 3 points shattered by 8
robust to network failures [14]. In the case of mobiledisks. In other words, for any subset of these points, there
robot networks, the nodes of the network can indeed bexists a disk that contains only those points and none other.
at random positions at any given time. Assuming randoriowever, this is not possible for 4 points as illustrated in
node locations can help in the analysis of various issudbe Figure 2. It is easy to verify that, if points are on their
as [17] discusses. In addition, sampling usually leads toonvex hull, two points opposite from each other can not
simple, distributed, and low cost (both in running timebe separated from the other two (Figure 2 left). If, on the
and communication complexity) algorithms [9]. Samplingother hand, there is a point inside the convex hull, it is
based algorithms provide a unifying framework for manynot possible to separate the ones on the convex hull from
environments, as opposed to more specialized algorithntise one inside (Figure 2 right). Therefore, no 4 points can
that make many assumptions about the underlying envide shattered and the VC-dimension of the disk set system
ronment. For example, art galleries require a polygonas 3. In fact, this result generalizes to higher dimensions:
representation of the environment. Moreover, samplinghe VC-dimension of the system that contains pointRfh
approaches are robust to uncertainties in the environmenind subsets intersected by ballsRf has a VC-dimension
An additional benefit is the availability of a well establishedd + 1 [20].
theory of sampling and randomization [27], [2] which We proceed with defining the-net and the fundamental
enables us to analytically evaluate the performance arttieorem justifying our approach.

design of the network. Definition 2: N C X is ane-net for (X, R), if for all
In the next section, we present the basics of sampling € R with |R| > ¢, we haveN N R # ().
theory, VC-dimension and-nets. Further, in Section Ill, In other words, anc—net is a set of points that meet

we model the limitations of sensors using geometric objectsvery large set irR. To give some preliminary idea of
and show how these concepts can be used for sensshat is to come, thes-net corresponds to the sampled
placement. In addition, we address the connectivity, ansensor locations. For example, suppose our sensors have a
present the trade-offs between connectivity and coveragsensing range and are therefore modeled with disks. If our
In Section V, we present two algorithms that incorporatesensors form aa-net, this means that any activity within a



102 random disks with € = 0.10 196 random triangles with e = 0.10

Fig. 2. 4 points can not be shattered: There are no disks that contain
only the black points.

Fig. 3. Coverage with sampling
specified range (determined lby will be intersected (and
hence detected) by one of our sensors. If we obtain our

sensor locations with sampling, the following theorem teIISexperiment was performed for identical triangles that cover

us how many samples we will need: . . the same area. However in this case, 196 sensors are

Theorem 3 ([21]): Let dd bedthle V(f—dlm_ensmn of required as the triangle set system is a more complicated
(X,R)ands > 0. _Then,O(g lo_g o log_g_) points drawn one with VC-dimension 5.
at random fromR is ane-net with probability at least—d. We conclude this section by giving examples of set sys-
tems with bounded VC-dimension: Half-plane set systems
flave VC-dimension 3, arbitrary convex k-gons have VC-
&mension2k + 1 which can be obtained easily. How-
ever, determining the VC-dimension of set system can

be rather tricky. A good example is the VC-dimension
of visibility set systems that arise from simply-connected
polygons [38], [23].

In this section, we consider a scenario where deployment
has to be accomplished in one step and no intermediate IV. CONNECTIVITY OF RANDOM GRAPHS
information becomes available during deployment. We
describe how the results of the previous section can be Random graphs are graphs whose properties such as the
used to design a sensor network for this case. The firsumber of vertices or edges are determined randomly [8].
step is to model the device constraints, typically usingn this section we investigate the connectivity of sensors
geometric objects. For example, one can model range coplaced randomly using the theory of random graphs. Con-
straints by representing sensors with disks or field of viewgider the following model for geometric random graphs:
constrains using triangles. Line-of-sight or visibility type Givenn, the number of vertices ang range; the vertices
of constraints can be modeled with star shaped polygonf Gn(p) are n points sampled uniformly frono, 1]

Now suppose we would like to cover a square regibn and there is an edge between two vertices if the distance
of unit area with disks of area Consider the set system between them is less than([4], [3], see also [13]). The
(X,R), where X is the (infinite) set of all disks with graphG,(p) can be used to model the properties of sensor
centers insided and for every pointp in A, there is a networks obtained by sampling. Specifically, we would like
subsetR(p) in R that contains the disks that intersect to answer the following questio@ivenn sensors deployed
Note thatR(p) itself can be represented by a disk of areawith uniform sampling, what is the communication range
e. Therefore are-net for (X, R) intersects all the subsets needed so that the underlying communication graph is
in R, meaning that all points irl are covered by the-net.  connectedMere, we assume that two sensors can commu-

It is worth emphasizing that all the sets mentionedicate if the distance between them is less than or equal
above are infinite. The crucial property here is that théo some threshold value. Connectivity of sensor networks
set system itself has eonstantVC-dimension. Therefore under this model has been studied previously in [17], [7],
using Theorem 3, we can sample a constant number B9]. The theoretical study of the connectivity of geometric
points (for a giverr), independent of the size df (which ~ random graphs is fairly recent [32], [5]. The following
is infinite most of the time) and obtain an-net with high  theorem is adapted from [7] where it is also possible to
probability. find an extensive experimental study of similar properties

Figure 3 shows some examples of coverage with randoff geometric random graphs:
samples. In the left figure a unit area is covered with disks Theorem 4.G,,(p) is connected with probability if
of radiuse = 0.1. In this simulationd/e logd/e = 102 p> [ —In(1—p'/")
disks (withd = 3) were placed at locations chosen uni- ™
formly at random from0, 1]2. In the right figure, a similar

Theorem 3 is a remarkable result which states that if
set system has a finite (i.e. constant) VC-dimension, th
a small number of points (independent of the sizeXgf
sampled fromX is ane-net with high probability.

IIl. DEPLOYMENT WITH SAMPLING

Note that it is also possible to compute the number of
sensors that ensure connectivity for a given communication

1A star-shaped polygon is a polygon which contains at least one poiri@nd€ simply by holding> constant and solving fon in
from which the entire boundary is visible. Theorem 4.



ivi ithp= 0. ivi ithp= 0. . . . . .
Comectiiy withp = 047 comneetywine= 043 for covering a unit area with disks of area it is easy

i o Thed . to see thaO(%) sensors are sufficient, whereas sampling
: " requiresO(% log 1) disks (see Figure 3).

The reason for the need for many sensors is that each
sample is in a sense blind to the previous samples. In fact,
if k& discs have already covered an aigeof the square,
then the next random disc is expected to cover ¥
additional area.

Sometimes this redundancy is desirable, for example in
Fig. 4. Connectivity of the sensors in Figure 3 where the communicatiogyrder to have lots of overlapping observations for robust
rangep was chosen according to Theorem 4. sensor fusion. Other times it is mandatory, for example

when the sensors are disseminated from a plane under
severe weather conditions. However, if the sensors are

In Figure 4, the connectivity of sensors obtained ircostly and we have more control over the placement (as in
Figure 3 and communication ranges obtained by Theorethe case of mobile robots), an alternative approach based
4 (with p = 0.99) is shown. on sampling without replacement can be used to overcome

In the important special case of range sensors, Theorertiss redundancy. The general idea is to remove the regions
3 and 4 enable us to establish the trade-off between thiat have already been covered from the sampling domain
sensing ranger and communication range: Given a before choosing the next sensor position.
sensing range, we can determine the area covered by the Suppose we would like to cover regiohand: samples
sensor { = mr?) and we can apply Theorem 3 to obtain thehave already covered a regidh C A. We select the next
number of sensors required for coverage. We can thensample fromA \ B. In other words, we no longer place
apply Theorem 4 to obtain the required communicatiosensors to regions that have already been covered. This

rangep. algorithm is given in Table I. Figure 6-left shows a sim-
ulation of this deployment for the same conditions of the
s Trade off between r andp simulation illustrated in Figure 3-left. In this simulation,
ol 0 the number of sensors required decreased from 102 to 22
' — when sampled without replacement.

% However, the algorithm SampleWithoutReplacement has

a serious drawback. For the sensing ramge: 0.18, if
we choose the communication range= 0.21, 20% more

0.3f

0.25F

o thanr we get the communication graph given in Figure 6,

0.15 middle-left. The drop in the number of sensors results in
o1} losing the connectivity of the graph!

0.05f It is possible to ensure connectivity by embedding it
0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ into the sampling process. Similar to the previous scenario,

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 . .
r suppose we would like to cover regioA and at any

Fig. 5. The trade-off between the sensing ramgend communication given time, the samples_ have already .Covered t.he region
ran.ge.p: For a givenr value, p is obtained by usingr = < log € in B and they are accessible from a regioh We simply
Theorem 4 andb, was obtained by = < with ¢ = 7r2. c select the next sample frof \ B instead ofA \ B. That
is, we restrict the sampling domain to sensor locations
that are accessible from the current sensors before we
Figure 5 demonstrates another utility of sampling basegemove the regions that have already been covered from
placement. For a given = 72, if we place 2log¢ it This algorithm is summarized in Table II. Figure 6
sensors and compute the communication rangee see (middle-right, right) illustrates the placement with algo-
that the communication range required is smaller than rithm SampleWithoutReplacementwithComm and ensured
Since typically communication range is much larger thatonnectivity for the same communication range: 0.21.
the sensing range, this means the underlying network wil\nother simulation where the are& that we would like
be connected in such cases. However, if we had placeg cover has a slightly more complicated structure can be
a smaller number sayg, of sensors and computed thefound in Figure 7.
communication range-, then we would need a bigger  Even though they result in smaller number of sensors,
communication range. This is due to the decrease in th@ie algorithms based on sampling without replacement
number of regions that are covered by multiple sensofigayve some drawbacks: First, they need more sophisticated
which may cause loss of connectivity. data structures to keep track of covered areas. In the

V. INCREMENTAL DEPLOYMENT 2Consider drawing two balls from an urn one at a time. The term

U I I ith i sampling without replacement is used to express the sampling scheme
sually sensor placement with sampling uses MOrghere the ball drawn first is not placed back into the urn prior to drawing

sensors than the minimum required number. For examplee second one.



22 random disks with € = 0.10 Connectivity with p = 0.21 25 random disks with € = 0.10 and Comm Connectivity with p = 0.21 and Comm

Fig. 6. Disks sampled without replacement.eft, Middle-left: Even though removing already covered regions from the sampling domain results in
fewer sensors, it also causes loss of connectilitiddle-right, Right: Algorithm SampleWithoutReplacementwithCoremsures connectivity.

A more complicated environment 216 random disks with € = 0.01 and Comm Connectivity with p = 0.07 and Comm
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Fig. 7. Disks sampled without replacement with assured connectivity — A complex environment.

simulations of this section we solved this problem b‘, SampleWithoutReplacementwithComm(A: Area to be covered) |
tting a dense grid on the environment and keeping tragk - random sample frori
puting a c g _ _ pINg tratkyrea-covered— Ranges)
of grid points covered. This results in decreased precisigQnsampling-Domain— CommunicationRange) \ Rangeg)
and increased running time proportional to the density qgf while area-Coveredz A _ _
th id. S d iti ted that th | t obtained s « random sample fronsampling-Domain
e gnd. ecor_1 . '? expecte a ep acem_en obtaiNed rea-Covered— area-CoveredJ Rangeg)
by these algorithms is more sensitive to errors in the actugl sampling-Domain— sampling-DomainJ CommunicationRange
positioning with respect to coverage and sensitivity due to_Sampling-Domain— sampling-Domain\ Range¢)
the decrease in the number of sensors. Finally, sometimes it TABLE Il
may be impossible to adjust the sampling range for some SAMPLING WITHOUT REPLACEMENT WITH COMMUNICATION
applications such as deploying sensors from an airplaneconNsTRAINTS RANGE(s) DENOTES THE SENSING RANGE OF THE
under severe weather conditions. SENSOR LOCATED ATs WHEREAS COMMUNICATION RANGE(s) IS THE

COMMUNICATION RANGE. CONNECTIVITY IS ENSURED BY

[ SampleWithoutReplacement(A: Area to be covered)|

area-Covered— 0

while area-Covered# A
s « random sample fromd\ area-Covered
area-Covered— area-CoveredJ Rangeé)

TABLE | wards, it applies sampling without replacement. The former

SAMPLING WITHOUT REPLACEMENT scenario of concurrent deployment addresses deployment
tasks for which no intermediate information is available.
It is limiting in that it forces the system to decide on the
number and location of the sensors a-priori. For this sce-
nario, we have formulated coverage as a covering problem

In this paper, we proposed a sampling based approach ffar set-systems. Given this, thenet theorem guarantees
the deployment of networked sensors. Our said goal was tmverage using a small number of sensors, provided that
guarantee coverage and connectivity using as few sensdr® underlying set system has a finite VC-dimension.
as possible. Our model was very general: sensing rangeEven though we have not addressed the quality of
represented by simple shapes like disks or triangles, armbverage, it may be possible to extend the algorithms of
connectivity depending on distance. However, this simplsection V to tackle this issue using weighted sampling.
model enabled us to present bounds on the number &uppose for each poin, there is a weighting function
sensors required for coverage and connectivity. w(p) that returns how well that point is covered. dfis

Two scenarios have been addressed: concurrent deplmoevered from a single sensap(p) can be a function that
ment and incremental deployment. In the latter scenarigs inversely proportional to the distance from the sensor.
the deploying system receives information regarding cov-or coverage from multiple sensors, an averaging scheme
erage and connectivity after each deployed sensor. Aftecan be used. If such a function is available, we can bias the

EMBEDDING IT INTO THE SAMPLING PROCESS

VI. CONCLUSIONS ANDDISCUSSION



sampling scheme such that points that are likely to increagss] D. Estrin, R. Govindan, J. S. Heidemann, and S. Kumar. Scalable
the total weight more, are chosen with higher probabilities.
In fact, at this point of the algorithm any information about[17]
the current state of the environment can be incorporated
into the sampling by introducing bias. Further, these algo-
rithms can be derandomized by considering new IocatioHS]

candidates at each step and choosing the best among them.

However, not only does such a locally greedy deployment

scheme come with an additional computational cost, it i

9]

also unclear that it will result in a globally better placement,

especially for complex environments.
With this paper, we would like to initiate a methodology

[20]

in deployment where geometry of the sensing range meets
sampling theory. It can be extended to several types d#ll
sensors with more complex coverage definitions [28]. Weyy,
regard our method complementary to mobility approaches

because it can provide an initial deployment guaranteeing

coverage. This can allow for mobility to be used for tasksm]
like tracking after initial deployment.
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