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Abstract—Detecting targets moving inside a field of interest devices have heterogeneous sensing areas of arbitrary shape.
is one of the fundamental services of Wireless Sensor Networks. This reality is significantly different from the unit disk model

The network performance with respect to target detection, is ; : ;
directly related to the placement of the sensors within the field af?;m(:.d IT preV|.0us works [11]‘ [:']' [g]’ [éo]’fé theljtssumptlon
of interest. In this paper, we address the problem of wireless of identical sensing areas [1], [4]-[6], [8], [10], [14].

sensor deployment, for the purpose of detecting mobile targets. I
We map the target detection problem to a line-set intersection A. Our Contributions

problem _and der_ive analytic expressions for _the probability We map the target detection problem to a line-set in-
of detecting mobile targets. Compared to previous works, OUr tarsection problem. Using tools from Integral Geometry we

mapping allows us to consider sensors with heterogeneous sensin . . . .
capabilities, thus analyzing sensor networks that employ multiple Yerive analytical formulas that characterize the target detection

sensing modalities. We show that the complexity of evaluating Probability when sensors are deterministically deployed. Com-
the target detection probability grows exponentially with the pared to previous works [1], [4]-[6], [8], [10], [11], [14], we
network size and, hence, derive appropriate lower and upper evaluate the target detection capability for WSN with devices
bounds. We also show that maximizing the lower bound is of heterogeneous sensing capabilities. Based on our mapping,

analogous to the problem of minimizing the average symbol e show the number of terms in the analvtical exoression of
error probability in 2-dimensional digital modulation schemes w W u : yu Xp :

over Additive White Gaussian Noise, that is, in turn, addressed the probability of target detection grows exponentially with
using the circle packing problem. Using this analogy, we derive the network size. We therefore provide appropriate lower and
sensor constellations from well known signal constellations with upper bounds.
low average symbol error probability. We show that as the pairwise distance among the sensors
increases, the lower bound asymptotically approaches the
upper bound and, hence, the probability of target detection

One of the prominent applications of Wireless Sensor Néhcreases. We also show that maximizing the lower bound
works (WSN) is to detect targets crossing a Field of Interest the target detection problem is analogous to minimizing
(Fol). As an example, in a physical intrusion detection syshe average symbol error probability in 2-dimensional digital
tem, sensors are deployed to detect objects moving within tt@dulation schemes over an Additive White Gaussian Noise
Fol. In cases where thé'o! is easily accessible, deploying(AWGN) channel. In turn, the latter problem can be addressed
the sensors in a deterministic manner provides worst case considering the circle packing problem. Inspired by this
guarantees on the WSN performance, that are not achievadalogy, we examine the performance of known signal con-
by a stochastic deployment. stellations on the target detection problem.

The quality of target detection achieved by a WSN can be o
quantified by evaluating the probability of detecting a targ& Paper Organization
by at least one sensor [4]. Evaluating the detection probabilityThe rest of the paper is organized as follows. In Section
by at least one sensor provides a worst case guarantee forlthave present related work. In Section Ill, we state our
detection performance of the WSN. In this paper, we analymeodel assumptions and map the target detection problem
the following target detection problem. Given a plafés/ to a line-set intersection problem. In Section IV, we derive
and N sensorsdetermine the WSN constellation that yieldexact analytical formulas for the target detection probability.
the maximum target detection probability. In Section V, we describe the analogy of target detection to

The target detection probability is a function of the numbehe 2-dimensional digital modulation schemes, over an AWGN
of sensors deployed, the relative positions of the sensors (W8Mhannel. In Section VI, we present our performance evaluation
constellation), as well as the modalities used to detect targestad in Section VII, we present our conclusions.
The sensing modality defines the size and shape of the sensing
area of each sensor. Oftentimes, a multimodal approach is
preferred to increase the robustness of target detection, byrhe problem of detecting mobile targets in WSN has
deploying sensors of different sensing modalities, such bsen a topic of extensive study under different metrics and
acoustic, seismic, optical, or infrared. In such a case, the senassumptions [1], [4]-[6], [8], [10], [11], [14], [17]. In [10],

I. INTRODUCTION

II. RELATED WORK



Fig. 1. A wireless sensor network monitoring &I with perimeter lengthLy and convex hull perimeteLg. The targetX is crossing thef"'ol moving
on a straight line. The sensors deployed have heterogeneous sensing areas of different shape.

the authors investigate the tradeoff between the target detectioin [11], the authors address the problem of optimém
quality and power conservation. They assume that nodes aoverage of the boundary of arfol. Covering the boundary
randomly deployed within a planaFol, and have sensing of an F'ol guarantees that any intruder will be detected with
areas that follow the unit disk model. Given a targetnoving certainty. They assume that all sensors have identical sensing
on a straight line, they derive the mean time ut¥ilis first areas following the unit disk model as well. While target
detected. They also provide sleeping pattern algorithms thitection is guaranteed when the boundary of e is
lead to power conservation, while guaranteeing a minimuoovered, placement at the perimeter of fie/ does not yield
response time to detecting a target crossing Hlag. the maximum target detection probability, when the boundary
In [4], the authors provide analytic formulas for the meais not covered.
delay until a target is detected, when targets move on a straightn [8], the authors address the problem of determining the
line at a constant speed. The authors consider a system matdghy until a target (intruder) is first detected. They consider
whereN sensors are randomly distributed within &nI, with  the detection problem under the additional constraint that any
each sensor having identical sensing areas that follow the wgnsor detecting the target must have a connected path to the
disk model. In their derivations, they also take into accoustink. They assume that targets move in a straight line, and
the sleeping pattern of the sensors. all sensors have identical sensing areas conforming to the unit
In [14], the authors propose a collaborative detection modeisk model.
where sensors collectively arrive at a consensus about thé\ relevant problem to target detection is the problem of
presence of a target. While the problem addressed in [1d}get tracking. Once the targ&t has been detected, the WSN
is the coverage of thé'ol, the problem formulation can beis used to track the motion ok within the Fol. Several
indirectly used to also evaluate the target detection probabilitpethods for tracking moving targets with WSNs have been
It is assumed that the detection capability of each sengwoposed in the literature [1], [10], [13], [17]. We do not
decays as a function of distance and hence, the sensaugiress the problem of target tracking in this article.
area of each sensor follows the unit disk model. In terms
of performance metrics, the authors consider the minimum”l' NETWORK MODEL ASSUMPTIONS ANDPROBLEM
exposure path, that is, the path for which the target is least MAP_PING
exposed to detection, and the maximum exposure path, thatNetwork Model Assumptions
is, the path for which the target is most exposed to detectid®ensor Deployment andFol: We assume tha¥V sensors are
In [6], the authors consider the same collaborative detectideterministically placed within a plandfol, Ay. The Fol is
model as in [14], with sensors collectively determining thassumed to be a connected and bounded set of perithgter
presence of a target. Sensors are assumed to be randoohlgrbitrary shape. In case th€ol does not have a convex
deployed within theFol and the sensing capability of eacrshape, the perimeter of the convex hiiff is assumed to be
sensor is assumed to decay with distance, with all senskrown.
having identical sensing areas. They formulate the target
detection problem as an unauthorized traversal problem aratget Model: We assume that mobile targets move
propose deployment strategies for minimizing the cost of tlem straight line trajectories, and all possible trajectories
network that achieves the desired target detection probabilityossing theF'ol appear with equal probability. Straight line
The authors proposed a deployment strategy where only paajectories minimize the length of the path for which a target
of the available sensors are randomly deployed. If the parti@imains exposed for detection. Hence, given an entry and
deployment satisfies the performance metric, no more sensexg& point, the probability of detecting a target moving on
are deployed. Otherwise the process is repeated until thestraight line yields the worst case probability compared
performance threshold is met. to the detection of any other possible trajectory. The worst



TABLE |
THE MAPPING OF THE MOBILE TARGET DETECTION PROBLEM TO THE LINESET INTERSECTION PROBLEM

Mobile Target Detection — Line-Set Intersection
Number of sensorgv — Number of setsV
Field of InterestAg — SetSo
Sensing aread; of perimeterL; — Set.S; of perimeterL;
WSN constellation — Set constellation
Trajectory of target X — Random lineZ crossingSy
Probability of detecting the —  Probability of £(&, 0) intersecting
target by at least one sensoPp at least one set

case analysis allows us to provide probabilistic guarantees fdrroughout the rest of the papet; and S; will be used
the detection performance of the WSN. Straight line motidnterchangeably.
models have also been assumed in previous works addresswg SENSORPLACEMENT FORMAXIMIZING THE TARGET
the target detection problem [4], [8], [10]. '
DETECTION PROBABILITY
Sensing Model:We assume that each sensgri = 1...N In this section, we compute the target detection probability
has a Sensing ared; that is a closed and connected set ofp as a function of the network parameters. First, we derive
perimeterL; < Lo. In the case where the sensing area is noghalytical formulas when only one sensor is deployed within
convex, we assume that the perimeter, denoted’asf the the Fol. Then, we extend to the case where two sensors are
convex hull of4; is known. Based on our assumptions, senso@éployed within theF'ol, and show the placement of those
need not have an identical Sensing aréa For detecting a sensors that maximizeBp. We then generalize for the case
mobile targetX we assume the Boolean detection modepf NV sensors, and derive relevant lower and upper bounds on
where a targetX is detected by a senser if the trajectory b, using the cases of one and two sensors as building blocks.
of X crosses the sensing area ©f The Boolean detection 5 Probability of Detection by a Single Sensor

model has also been assumed in [4], [11]. , L
4], 114 Assume that a single sensgr has been deployed within

B. Mapping the target detection problem to the line-set intefy,e Fol, Ay. The probability P of detecting a targetX
section problem crossing theFol can be derived using a frequency count

In this section we present the mapping of the targatrgument. ThePp can be computed as the quotient of the
detection problem to the line-set intersection problerfinumber” of lines in the plane intersectingly, over the
This problem formulation provides the necessary tools taumber” of lines intersecting both4,, A. Since the set
derive analytic formulas for the probability of target detectiorof lines in the plane intersecting a set is uncountable,

we use a measure defined in Integral Geometry [12], [15], [16].
Target Detection Problem: Given anFol A, of perimeter
Lo, and N sensors with sensay; having a sensing areal; of Definition 1: Measure of set of linesm(¢): The measure
perimeterL;, find the WSN constellation that maximizes the:(¢) of a set of lines((¢,6) is defined as the integral over
probability Pp of detecting a targeX randomly crossing4,. the line densityd? = d¢ A df, m(¢) = [ d& A df, where A
denotes the exterior product used in exterior calculus.

Let the Fol be mapped to a bounded s#, defined as a ) ]
collection of points in the plane. Let also the sensing area ¥ the case wherel is convex, the measure of the set of lines
sensors; be mapped to a bounded sét and the trajectory that intersectd is equal to:
of the targetX be mapped to a straight ling¢, 6) in the 2m
plane, with parameter§ and 6§ be the shortest distance 6f m(l: EﬂA #0) = / d§ N df = €df =L, (1)
to the origin, andd be the angle of the normal to the line, ) ) enA#0 0 ]
with reference to the coordinate system, respectively. Theipere L is the perimeter ofA. Interested reader is referred
the target detection problem is equivalent to the followinfp [15] for the proof of (1). In the case whetd is non-

line-set intersection problem, arising in Integral Geomet§PTVex, any line intersecting the convex hull of, also
[15], [16]. intersects.A. Hence,m(¢) is equal to the perimeter of the

convex hull of A. Once we have defined a measure for the
Line-set Intersection Problem: Given a bounded sef, Set of lines intersecting a sed, the probability of target
of perimeter Ly, and N setsS; of perimeter L;, find the detection by a single sensor, is given by the following theorem.

positions ofS; inside Sy that maximize the probability’p - )
that a random line? intersectingS,, also intersects any of 1heorem 1:The probability that a targeX is detected by a

the N setsS;,i=1...N. sensors with sensing aread of perimeterL, deployed within
a Fol Ay of perimeterLy is given by
Table | summarizes the mapping from the mobile tar- L
Pp 2)

get detection problem to the line-set intersection problem. - Lo



(b)

Fig. 2. The measurenz(d; ;) of the set of lines intersecting any of the two sensors is equal td.ga)(d; ;) when A; N A; # 0, (b) L; + L; —
(Lin(di,j) — Lout (di’j)) when A4; N .Aj =0.

Proof: The proof follows by noting that the probability the length of the outer string wrapped arousd 4; as shown
of detecting a target is equal to the quotient of the measureinffigures 2(a), 2(b).
the set of lines intersecting both sedg, A, over the measure

of the set of lines intersectingl,. Proof: For the case of two sensass s;, a mobile target

X is detected if its trajectory crosses the sensing area of either

po o~ mENANA#D) s; or s;. Using the equivalence to the line-set intersection
b m(€: LAy # 0) problem, the target detection probabiliB, is the probability

o mE:LNA#0) @ L that a random line intersects any of the two séts A; placed

- m(C: (Ao £ 0) T Iy () within the Fol. Expressed in probability terms,
Step (i) is due to the fact that any line intersectidg also Pp = PUNA)+PUNAj)—PUNANA;)
intersects Ay (4 C Ap). Hence, the measure of the set of (i) Li+ Lj —ma(d;; ) 6
lines intersecting4d [ Ao is equal to the measure of the set - Lo : ®)
of lines intersectingd. Step (ii) follows from (1). ] In Step (i), P(¢ N A;),P({ N A;) are computed using

Theorem 1, and are independent of the positions of the two
sets A; A;. However, the measureu,(d; ;) of the set of

Thus, sensors that have sensing areas of different shape!Bi§S intersecting both4; A;, is a function of the relative
same perimeter, yield the same target detection probabilfjStanced: ; betweenA; A;, and is computed based on the
Also Pp, has the same value, regardless of the positiopt of fOllowing two cases.

within Ag, due to the fact that all possible trajectories (line
of target X are considered equiprobable.

Note thatPp is independent of the shape df Ay, but only
depends on the perimeter of the sensing area and-tie

S%ase I —A;NA; # 0: When the sensing areas;, A;
overlap, as shown in figure 2(ajl;, .A; form a connected
B. Probability of Detection by Two Sensors and bounded sel, = 4; U A;, and the targeX is detected
Assume now that two sensoss s; can be placed anywhereif it cr_ossesA(f. According to (1), the measure of the set of
- é@es intersecting the bounded and connected/4ets equal
to the perimeter of4d., when A, is convex, or the perimeter
of the convex hull of4. when A, is not convex (whemA. is
convex, A, is the convex hull of itself by definition).

For two sets intersecting, the convex hull can be found by
wrapping a string around the two sets, as shown in figure 2(a).
Any line intersecting with the convex hull of.., is guaranteed
_ Li+ Lj —mo(d; ;) (4) to intersect with at least one of;, A;. Using Theorem 1, the
N Lo ’ target detection probability by two sensors with intersecting
with sensing areas is equal to:

ma(d; ;) = Li + Lj — Lout(d; j), AiNA; #0 5) Py = L; +L; —ma(d;;)
2\ Lin(dij) — Lout(d; j), Ai(NA; =0, Lo(d I)’O
whered; ; denotes the distance betweens;, mo(d; ;) de- = %7 A A; #0, (7)

notes the measure of the set of lines intersedbioth A;, A,
L;,(d;,;) denotes the length of the inner string wrappe
aroundA;, A; as shown in figure 2(b), anfl,,;(d; ;) denotes

Pp is provided by the following theorem.

Theorem 2:The target detection probability’, by two
sensorss;, s; is maximized whens;,s; are placed at the
opposite ends of the diametesf the Fol, and is given by:

Pp

here L,.+(d; ;) denotes the length of the perimeter of the
convex hull of A. (outer string in figure 2(a)). From (7),
the measure of the set of lines intersecting bgth A, is,

1The diameter of theFol is defined as the longest pairwise distancé’*2 (di,j) =Li+Lj— Lout(did)-
between two points within thé'ol.



Probability of target detection by two sensors Probability of detection by both sensors
! | ) ; T

0.01
i T s |

0.0181

Li+Lj)/LO
0.0161 ( 1)

Py probability of target detection
o
o
=
IS
Probability of detection by both sensors

[—r=w0]
0.008 . . . .
0 200 400 600 800 1000 0 200 400 600 800 1000
d”: distance between sensors i j d”: distance between sensors i,j
@) (b)

Fig. 3. The target detection probabilif§p achieved by two sensors, as a function of the pairwise distdpgebetween the sensors, when each sensors has
a circular sensing area of radiiém. Pp is a monotonically increasing function df ; that asymptotically approachegslg;ﬁ. (b) The probability that a
target is detected bigoth sensors is a monotonically decreasing function of the pairwise distngeasymptotically approaching zero.

Case Il - A, N A; =0: When the sensing area$;, A,

do not overlap, as shown in figure 2(b};, .A; no longer
form a connected and bounded set. Sylvester showed that the
measure of all lines that intersect baty, A; is equal to A;
ma(d; ;) = Lin(d; ;) — Lout(d; ;) [16]. Hence in the case of ‘
non-overlappingA;, A;, Pp is equal to:

Li+ Lj —ma(di;)

Ly
_ Lit L= (Linldig) = Low(diy)) gy
Ly '

Note that asdm — 00, (Lin(dm) _Lout(di,j)) — 0, Fig. 4. Optimal placement of two sensors that maximizes the target detection

. . - robability Pp. Sensorss;, s; are placed at the opposite ends of the diameter
regardless of the shape and size4)f A;, since the inner and gf the FO}'_ b 5 arep PP

outer string placed around the sensing areas become asymp- -~
totically equal in length. That isp2(d; ;) is @ monotonically Ai, A; are known. On the other hand, for specific shapes of

dij = diameter of 4,

Pp =

decreasing function of the pairwise distandg;, A;, A;, the lengthsL;,,, L,,+ can be expressed as a function
’ of the distancel; ; among the shapes. As an example, for two
lm Pp = Jim Li+ L, ; ma(di ;) circles with radiusr,
— 00 — 00 0
Li+L; 1 . Lowr = 2(mr+dij),
= TO] - fo dLH;O (Lm(di-j) Lout(di,j)) o o
L.+ L. Lin = 2mr+2d;;4/1— 4 4sin~! ,
_ g 9) - d; ; d; ;
Ly

) ) ) whend; ; > 2r. In the next section we utilize thEp formula
In figure 3(a), we show the asymptotic behaviorfd§, @s @ oy the case of two sensors, in order to derive a lower bound
function of d; ;, for the case of two sensors. We observe tha, Py, for the case ofV sensors.

asd; ; increasesPp tends to the asymptotic value 622, o - _

In figure 3(b), we show the monotonically decreasing behavibr Generalization to the Probability of Detection By Sen-

of the probability that a target crosses both sensing areas. #4S

d; j — o0, %ﬁﬂ) — 0. When N sensors can be placed within th@1I, the proba-
Based on (9), the target detection probability increases bility of detecting a moving target is expressed based on the

when the distancel; ; among.A;, A; increases. Given the inclusion-exclusion principle for unions of sets [9], [16].

boundary of theFol, Pp is maximized wherd; ; is maxi-

mized, which occurs whenl;, A; are placed at the opposite

ends of the diameter of th&'ol. In figure 4, we show the

optimal placement of two sensors in the diameter offad.

Theorem 3:Let a targetX cross anFol of perimeter
Ly. Let N sensors be placed within thEol at any desired
position. The probability of detectiof’p is given by:

] N
In the general case wheré;, .A;, have an arbitrary shape, 'p = S PUNA#0) - > PUNANA;#0)
an analytic formula forL;,, L,,; may not be obtainable. i=1 1,5, 1<j

Instead, L;,,(d; ;), Lout(d; ;) may be measured, given that 4.+ (=DNTIPUN AN N AN # (). (10)
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Fig. 5. Convergence of the lower bound Bj to the upper bound ofp with the increase of the pairwise distangg; for a WSN of (a) 10 nodes, (b)
100 nodes. The x-axis denotes the pairwise distance normalized in units of the sensing range of the.sensors

Proof: Given that N sensors are placed within theBoth the lower and upper bound in (13), can be evaluated
Fol, the probability that targefX is detected is equivalent using the results of Theorems 1, 2:
to the probability thatX crosses the sensing area of at least

one sensor. Expressing this statement in terms of probability LB < Pp< ZB’ (13)
events, we have 1
LB = f ZL7 — Z mg(dm-) y (14)
Pp=PUNAUAU...UAy). (1) 0 \i=1 irj, i<j
N
By applying the inclusion-exclusion principle [9Fp is UB = LZLi. (15)
expressed using the sum of conjunctive probabilities of a line Lo ]

intersecting specific arrangements of sets. The lower bound in (15) is exact for sensor constellations

Pp = PUNA #0)+PUNAs£0)... where no lines intersect more than two sensors. However,
we note thatPp can never achieve the upper bound for
+ PUNAy #0) - PUN AN A #0) N > 1 since there will always be a non-zero number of lines
—PUNAINAN #0)... crossing two sensing areas. The lower bound approaches the
+(=D¥ PN A NAy...N Ay #0) upper bound as the pairwise distanekg among each pair
N of sensors increase. This is a consequence of the asymptotic
= Y PUNA#0)— Y PENANA;#0) behavior of Pp for N = 2, as we showed in section IV-B.
i=1 i4, i<j Hence, by increasing the pairwise distant;g among each
Fo A+ (CDNTIPUN A N Ay N Ay £ D). pair of sensors, the lower bound &%, tends to the upper
bound and, hence?p attains its maximum value,

[ ]

While Theorem 3 expresses the exact analytic formula for lim LB =— 1 XN: L. — Z ma(d; ;)
Pp, the number of terms in (10) i€~ — 1). Furthermore,  di,;—occ Lo\ & L I
for arbitrary set arrangements, analytic expressions of the ~ . v
probability of a line intersecting exactly sets are not known, 1 1 . N
except for small values ok [16]. Hence, we consider the T Lo ;LZ L : zi;,di,ljlgloo ma(di ;)
following lower and upper bounds for finite unions. ~ R

1
Corollary 1: The probability of target detectiorPp is = foZILl (16)

bounded by:
In figure 5(a), we show the values for the lower and upper

LB < Pp<UB, (12) bound of Pp as a function of the pairwise distance among

N sensors. The sensing areas of the sensors are assumed disks
LB = Y PUNA#0)— > PENANA#0),  with radiusr = 10m while the Fol is assumed to be a disk of

i=1 J,1<J radius R = 1000m. The z axis is normalized to the radius of

N the sensing areas of the sensors. We observe that for small
UB = ZP(émAi #0). values of the pairwise distance, the lower bound does not

i=1 reflect the actual value aPp. In fact, the lower bound has

Proof: This is a special case of the Bonferroni inequakegative value since the higher order terms that are ignored

ities [9]. B (probabilities that lines cross three or more sensing areas)



TABLE I
ANALOGY OF THE TARGET DETECTION PROBABILITY TO THE SYMBOL ERROR PROBABILITY

Mobile Target Detection Symbol Error over ANGN
Number of sensorgv Number of symbolsV
Field of InterestAq Maximum symbol energy

Rad
Rad
>
Sensor constellation > Symbol constellation
Rad
R d
>

Pairwise distance; ; among sensors Pairwise distance;, ; among symbols
Monotonically decreasing functioms (d;_ ;) Monotonically decreasing functioR(b; — b;)
Maximize the probability of target detection Minimize the symbol error probability

are significant. However, when the pairwise distances becogmod symbol constellations maximize the minimum pairwise
sufficiently large,(d; ; > 20r), the lower bound approachesdistance among symbols. Due to the analogy presented in
the upper bound andp tends asymptotically to the upperTable Il, we consider solutions that maximize the minimum
bound. Similarly, in figure 5(b), we show the convergence giairwise distance for the target detection problem. The prob-
the lower and upper bound fa¥ = 100 sensors. For larger lem of maximizing the minimum pairwise distance among
N the lower and upper bound converge slower compared foints in the plane, can be addressed using as an intermediate
the case ofV = 10. step the following circle packing problem [fhiven N circles
C;, i = 1...N, compute the maximum radius of the circles
that would fit inside a given planar set,.

The circle packing problem (sphere packing in 3-

Maximizing the lower bound in (15), provides a worst casgimensions), has known optimal solutions for small values
probabilistic guarantee on target detection. The first sum of tge v, and certain shapes afoI, such as circle, square,
lower bound in (15) is independent of the sensors’ positiongexagonal or triangle, but no optimal solutions exist for
On the other hand, the sul; ;_.ma(d; ;) is a function of |arge N [2], [3]. However, good signal constellations can be
the pairwise distance; ;. In Section IV-B, we showed that carved from lattices with high circle packing density [7]. In
moz(d; ;) is a positive monotonically decreasing function ofigure 6(a), we show the optimum placement of circles that
d;,;. Hence, increasing; ; also increases the lower bound inmaximize the minimum pairwise distance among the circles,
(15). In fact, for sensor constellations where no lines intersegt a circular Fol, for N = 2...9. In figure 6(b), we show
more than two sets, the lower bound is exact and hengge optimum placement for the case of a squéird .
increasing the lower bound also increaggs. Note that the circles”; defined from the circle packing

The problem of finding the sensor constellation that magroblem do not correspond to the sensing argasof the
imizes the lower bound in (15) is analogous to the probleBensors. Instead they provide the af@awhere each sensor
of finding a 2-dimensional signal constellation that minimize§i should be placed. Assuming thdt < C; which holds true
the average probability of symbol errét;, over an AWGN  when A; < A, and N is not sufficient to cover th&ol, the
channel. Assuming that all symbols are equiprobabile; position of the sensors withii;, is chosen so that the sensing
is expressed as a function of the pairwise error probabiliffeas have maximum pairwise distance. As an example, in
P(bi — b;) between two symbols;, b;. P(b; — b;) is @ figure 6(a) for the case oV = 2, the sensors are placed
monotonically decreasing function ef; ; between the two within C1,C; so that the sensing areas have maximijm.
symbols [2]. For a constellation with" equiprobable symbols, For networks with heterogeneous sensing areas, sensors are
Psg is upper bounded by, placed within eachC; with the s; with larger L; be placed

further apart.

V. ANALOGY OF TARGET DETECTION TODIGITAL
MODULATION SCHEMES

1
Psp < N Z P(b; — b)) VI. PERFORMANCEEVALUATION
Hi<J In this section we evaluate the performance of our heuristics
- 1 Z lerfc( di,j ) 7 with respect to other sensor placement solutions such as
N 2 2vNo )’ random deployment. We also illustrate the impact of network

) parameters such as length of perimeters of sensing areas.
where erfc denotes the error function, a% denotes the

power spectral density of the channel noise component. Béth Methodology

the problem of maximizing the lower bound in (15) and We first deployedV sensor nodes within thEol according

the analogous problem of minimizingsz, require the mini- to a predefined algorithm such as one of our heuristics or

mization of a multivariate function which is a summation ofandomly. For each network instance, we generated 10,000

identical functions, monotonically decreasing with respect tandom target trajectories and measured the fraction of tra-

each variable. This problem analogy is presented in Table jéctories that intersect with the sensing area of one or more
In digital communications, the minimum pairwise distancesensors. For deterministic deployments one trial was sufficient

among symbols is the dominant factor of symbol error, due to statistically estimate the target detection probability, since

the exponential decrease 8b; — b;) with d; ; [2]. Hence, the placement of the sensors does not change over trials and
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Fig. 6. The sensor constellations that maximize the minimum pairwise distance among sensors for, (a) &tiilcylay a square’ol. The shaded circles
denote the sensing area of each sensor.

sufficient number of trajectories are considered to guarantgarts to decrease with the increaseNaf This is due to the
statistical validity. For random deployments, we repeated tfect that for large values of and NV, the probability that a line
experiment for 100 network deployments in order to computeould intersect three or more sensing areas is hon-negligible
the average target detection probability. and hence, omitting this additive factor from the lower bounds
We initially considered homogeneous WSN where all nodg#elds its deviation from the true value &fp.
had identical sensing areas. The experiments for the homoin figure 7(b), we show the target detection probability
geneous case provide an easy interpretation of the behaf@mrthe WSN constellations shown in figure 6(b). ThI
of Pp with respect to network parameters. We then peis now a square with each side being= 100m. Again we
formed our experiments in heterogeneous WSN. To simulaibserve that for small values of the lower bound is very
heterogeneous WSN, we generated a pool of sensing areatightt to the value ofPp obtained via the simulation, while the
different shapes (circle, square, triangle, pentagon, hexagtwer bound deviates fron®p for large values of-, V.
and varying lengths, and randomly select¥dto be placed  In our second experiment, we compared the target detection
within the Fol. probability achieved by our heuristic with the target detection
) - probability achieved by random sensor deployment. Although
B. Target Detection Probability for Homogeneous WSN i comparison is unfair since random deployments yield
In our first experiment, we placel = 2...9 sensors in a lower performance due to overlapping sensing areas, it is
circular FoI of radiusR = 100m, according to the WSN con- an indicator of the performance gains that can be achieved
stellations shown in figure 6(a). Sensors had identical sensiyy adopting a deterministic solution. For each value/\of
ranges that varied from = 5m to r = 20m. We measured we randomly deployed théV sensors within thef'ol and
the target detection probability’, and also computed the measured’,. We repeated the same experiment 100 times and
analytical lower bound given by (15). In figure 7(a), we showveraged the result. In figure 8(a), we show the target detection
the target detection probabilit#p vs. the number of sensorsprobability for N = 2...40 and for a sensing range= 5m.
deployed for varying- and the corresponding lower bound. We observe the our placement algorithm yields a performance
We observe that for small values of(r = 5m, 10m) the gain up to 14% compared to random deployment (average
lower bound provides a very good estimate of the actual valgase), while random deployment can yield WSN constellations
of Pp. This is due to the fact that no lines intersect more thdhat are up to 90% worse.
two sensing areas. Hence, the lower bound in (15) that takedn figure 8(b), we showPp for N = 2...14 and for a
into account only lines that intersect one or two sensing areg@nsing range = 20m. For r = 20m we considered WSN
is exact. Furthermore, we observe that for small values ofof smaller sizes since larger WSN would be able to entirely
the Pp increases almost linearly with the number of sensotover the boundary of thé'ol thus yielding aPp = 1. We
deployed. This is due to the fact that the measurgd; ;) observe that for sensing areas of larger perimeter, the gains are
of lines that intersect two sensing areas is very small whemen greater, due to the higher sensing area overlap in random
the pairwise distance among the sensors is sufficiently largeployments. Our heuristic yields By, up to 18% higher
compared to their sensing range. This is illustrated in figus®mpared to the performance of the random deployment.
2(b) where we show that whef) ; = 20r the probability that ~ The benefits from adopting our placement strategy are even
a line intersects two sensing areas is almost negligible. Hengere significant, when the savings in number of sensors is
for these values of, the lower bound approaches the uppetonsidered. From figure 8(a), we observe that we requires26
bound andPp, is maximized. sensors to achieve a target detection probability’pf= 0.8.
For larger values of sensing rangeand WSN values of On the other hand, 40 sensors are required to achieve the same
N > 6 we observe that the lower bound starts to deviatarget detection probability using random deployment, that is,
from the probability of detectio®p. In fact, the lower bound 54% more sensors are required in the random deployment case.
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Fig. 7. The target detection probabilify, as a function of the number of sensors deployed and the sensing rangerréalithe sensor constellations of,
(a) figure 6(a), (b) figure 6(b).
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Fig. 8. Comparison of the performance of our heuristic vs. random deployment for homogeneous WSN with sensing raagénta)b) r = 20m.

Similarly, from figure 8(b), we observe that we need to placklso, compared to the homogeneous case, the target detection
only five sensors to achieve a target detection probability pfobability does not exhibit a linear behavior. This is due to
Pp = 0.78. On the other hand, 11 sensors are required tbe fact that the perimeters of the sensing areas are no longer
achieve the same target detection probability using randawonstant, but vary with the shape of the sensing areas.
deployment, that is, 120% more sensors are required in thaVe also repeated the comparison of our placement algorithm
random deployment case. with a random sensor deployment strategy, for heterogeneous
_ - WSN. In figure 10, we show the target detection probability

C. Target Detection Probability for Heterogeneous WSN 55 3 function of the WSN size. As expected, our placement al-

For the case of heterogeneous WSN, we repeated the @®rithm performs better than the random deployment strategy,
periments we conducted for the homogeneous case by pladwith the difference in performance increasing as the number
nodes with heterogeneous sensing areas. The shape anddfis#ensors deployed also increases. Regardless of the shapes
of the sensing areas were randomly selected from a poolajfthe sensing areas and the lengths of the perimeters, random
five shapes (circular, square, triangle, pentagon, hexagon) dgployment can result in overlapping sensing areas and sensors
figure 9, we show the target detection probability for WSN ofith constellations with small pairwise distances, thus having
different sizes and as a function of the sensing rang@r the inferior performance to deterministic deployment.
heterogeneous WSN case, the sensing range denotes a circle
where the sensing area of each sensor can be inscribed. As an
example when the sensing area of the selected node is squarg/e addressed the problem of deterministic deployment of
the side of the sensing area is equalate= /(2)r, and its WSN for maximizing the target detection probabilify.
perimeter equal td.; = 4\f(2)r. We derived analytic formulas expressiitp, by mapping the

We observe that in the heterogeneous case, the lower boterget detection problem to the line-set intersection problem.
still accurately predicts the target probability of detectio®ur formulation allowed the consideration of WSN with het-
when the sensing range is small. For higher values tiie erogeneous sensing capabilities. We showed that the analytic
lower bound deviates fronPp indicating that a significant expressions o, are not practical for largev and derived
number of lines intersect with more than two sensing aredswer and upper bounds. We finally showed that maximizing

VII. CONCLUSION
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Fig. 9. The target detection probabilify, as a function of the number of sensors deployed and the sensing rangerréalithe sensor constellations of,
(a) figure 6(a), (b) figure 6(b). The sensors deployed have heterogeneous sensing capabilities.
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Fig. 10. Comparison of the performance of our heuristic vs. random deployment for heterogeneous WSN with sensingraader(ajb) r = 20m.
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