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Abstract— We present arguments that a small number of sensors within
the network provide most of the utility. That is, cooperation of more than
a small number of nodes has little benefit. We present two scanios. In
the first scenario, all sensors provide identical utility, ad their utilities
are aggregated sequentially. The second scenario is sendoision with
signal strength decreasing with distance. In that scenaridthe source is at
the origin and the sensors are distributed, either uniformy or according
to a planar standard normal distribution. We also vary the total number
of sensors distributed in both scenarios to observe the uiil/density trade
off. Localization using the Fisher Information as the utility metric is used
to demonstrate that few sensors are sufficient to derive mogif the utility
out of the sensor network. Simulation results back up an ordestatistics
analysis of the behavior.

The implication is that while co-operation is useful for sone objectives
such as combating fading and uncertainty of individual senars, it is
inefficient as a mean to increase the utility of a sensor netwk if the
best sensor’s utility is significantly short of the desired tility.

. INTRODUCTION

the best sensor contributes significantly more than evendkebest
sensor, and cooperation is not critical when the networkfiscgently
dense. This is driven by the order statistics of the sendacement.
The few ‘good’ sensors’ utility is driven by the density ofeth
deployment. The relative improvement of utility falls offigkly after
the first few sensors. On the other hand, even in a fading@mnwient,
cooperation among the few ‘good’ neighbors is sufficient voic
outage. In section V, we summarize the two types of senslitywtnd
their implications for the cooperation strategy in a sersstwork.

Suppose each sensor contributes an identical amount iby,ihd
the overall utility of the fused data will be the sum of theiindual
utilities, i.e. utility for n sensors will be simply..

At the n-th iteration of data fusion, the existing sensor set presid
n — 1 units of utility, and the relative utility.. of the existing set to

IDENTICAL UTILITY

The usual paradigm of sensor network research assumes thaeen-th iteration is
will be a large number of sensors present within the network.

An important question for minimizing resource usage foheit
scalability or extension of sensor lifetime is how many obsh
sensors should be used at any given time. In many situatéadtes,
the first few sensors the utilities improvement rapidly dese and
each subsequent sensors added yield only marginal impesueiti,

(21, 3], [4], [3], [6], [7], [8].

n—1
ur(n) = *— &)
The difference is
2n —1

At one extreme of the spectrum, all the sensors have idénticaTo increase the utilityn by factor k, it will require nk sensors,

utility. Thus the overall utility grows linearly. Althougthe overall
utility is unbounded, each additional sensor contributess Ithan
sensors that were already considered. Therefore thosersetist
are selected earlier have a larger impact on the overaityutil

On the other hand, typically sensors that are closer to thecso
will be weighted more heavily than those sensors that atedaaway
simply because of the higher signal strength that will beeoled by
the sensors that are closer. Suppose sensors are digtrimifermly
in a unit disk with a source located at the origin. We will shaw
small number of ‘good’ sensors will provide most of the tyiliand
even in fading channels few are required.

and the utility will approachk in O(1/n).

One simple model is coverage area. Let each sensor provitle un
area coverage and there is no overlap in coverage when we plac
each sensor. Therefore sensors provide utilityn. We can cover
an arbitrarily large area by deploying a sufficiently largenber of
sensors. However, the rate of each sensor’s actual cotibribio the
overall utility decreases geometrically as the total tytilncreases,
as seen in figure 1.

The implication is that in a very dense deployment, somelager
or otherwise a reduction in individual sensor utility willoinbe
noticeable. Figure 2 shows that when individual sensoitiesl are

Localization is a common task for sensor networks. Senstr neniformly distributed between 0.5 to 1.5, as the number ofses

works can solve this type of problem effectively by incoigorg
multiple views of the source using different sensors andtipiel
types of observations (e.g. range, angle of arrival, tinfier@ince of
arrival.) Sensor fusion for localization is straightfomdaand can be
solved efficiently. Using Fisher Information as the utiliinction, we
will show that for localization in a planar scenario, a snmaiimber of
sensors (on the order of 10 sensors) will provide most of thigyu
In section Il, we will assume each sensor has identicaltyitie
evaluate how each added sensor contributes relativelytHassthose
added previously. However, the overall utilities can reacharbitrary
value. We show how this plays out for a localization problem
section Ill. A non-uniform sensor utility due to distancesses is
considered in section IV. We observe that in a benign enwient,

increase, new sensor contribution to the overall utilithy diminishes
geometrically. In addition, the variation in realizatiof this prior
utility rate due to individual sensor utility variationsndinishes as
the number of sensors increases due to law of large numbigigeF
2 displays the result of 10k trials, each with 25 sensors. e
limit is the maximum and the minimum utility for a given nunmbe
of sensors out of the 10k trials.

A more in-depth example can be seen in [2]. Even in their cempl
deployments the saturation effect is readily seen.

There are situations that the utility from sensors increagemore
ithan a linear rate. They arise when the number of sensors issed
less than necessary to provide the desired quality of s the
underlying utility has ambiguity. A typical example is |dization



can typically be achieved by three techniques: triangutatscenes

095 analysis and proximity sensing [10]. In this section, wel idkcus
. 09l E on a sub class of the triangulation technique: range/timérafel
2 (RNG), angle of arrival (AOA) or time difference of arrival DOA)
g 08s¢ 1 measurement.
i 08 1 A. Observation uncertainty model
§ 075+ J We model the observation as a Gaussian distribution cehtere
2 around the true readings; ~ N (pi,0;) for i-th range sensors,
g 07 1 i=1,...,kg, 0; ~ N(0:,0;) for i-th AOA sensors; = 1,...,ka
£ oesh | andr; ~ N (7, 0;) for i-th TDOA sensorsj = 1,...  kr .
o
2 osl | B. Sensor Utility
% Due to the observation uncertainty, localization will hdiveited
0551 i accuracy. A common criterion for accuracy of estimatingapasters
05 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ is the Cramer-Rao bound (CRB). The CRB matrix tells us the bes
1 2 3 4 Numger of Seﬁnsors 7 8 9 10 we can expect from an unbiased estimator in terms of coiwegia
A related quantity, the Fisher Information Matrix (FIM), igh is
Fio. 1 Prior util e 1o the total uiilit the inverse of the CRB, will be used as the basis of the |loattin
9. 1. Prior utility rate to the total utiity problem utility function. In particular, the trace of theNFiwill be
the utility measure. The overall FIN of S C S, whereS is the set
1r of sensors selected arfflis the set of all available sensors, is:
0o} 111 W Fs= hihy (4)
r I kesS
08r From [11],[12],[13], based on the observation uncertaimiydel
o7l used in lll-A, in a planar localization problenh, is
i I s RNG
opllrs—rgll
051
wherer, = [zs,ys] iS source location ana; = [z, yx] iS k-th
04} - sensors locationz? is the k-th sensors’ observation variance.
With time difference of arrival (TDOA) localization, in thease of
0.3f unknown propagation velocity, the CRB matrix for locatiargmeter
§ and propagation velocity can be expressed as follows [14]:
0'20 5 10 15 20 25 30

TDOAh =1 | L (memn . TTfet ) | ()
v o3 Hrs ril [[rs rref“
whereryof = [zref, Uref] 1S the reference sensor location,is the
propagation velocity and;..r is the time difference between the i-th

when the observations available are less than required rrn o Sensor and the reference sensor.
unique solution. Such utility functions exhibit super miztbehavior ~ Note that the above derivation didot explicitly assume any
[9]. Under such utility functions, the benefit of cooperatiamong distance loss in signal quality, i.e; in reality may also be a function
sensors are application specific. Suppose our goal is to anestain of distancer. This simplification has little impact when the source is
fixed amount of utility, and each additional sensor provigegitional ‘far’ away from the sensors group and most sensors actubbgmve
utility , i.e., uns1 = (1 + €)un, e > 0 Whereu, is the utility of the Similar signal strength.
n-th sensor. The overall utility/ with N' sensors is then simply However this simplification has considerable impact whenrei-
ative distances between the source and the sensors vaifjcsigtty
N i1 among sensors, which will be the case when the source is’‘near
U=wu Z(l +e) () the sensors group. This distance dependent interactidifeisted by
=1 the distribution of sensors around the source and will besicened
This geometric series in egn. 3 is also unbounded and can algsflow in section IV.
reach any arbitrary utility for sufficiently largd’. Even in this case, o . .
we can see that certain sensors provide the majority of thigyut C- Locdlization Utility Smulation
but in this case it is the last few sensors as opposed to thddivs  In the following simulation, the source was placed withie freld
Sensors. of sensors. We ran 300 trials of the experiment. In each, ttigre
were 16 RNG and 16 AOA sensors, with .08 standard deviation on
observation for both types of sensors. Thereforedheis 1. AOA
In this case study, we will consider the utility that can beidel sensors within radius 1 will be selected first, followed bg #ntire
from each sensor in a localization problem. Localizatiorsofirces set of RNG sensors followed by the remaining AOA sensors. The

Fig. 2. Prior utility rate to the total utility with random ssor utility

I1l. L OCALIZATION CASE STUDY



True initial Location

sensors are distributed uniformly over a [ -1, ][ -1, 1] square 10°
and the source is placed uniformly over a [-.1,x1[}.1, .1] box.

A in Fig. 3 is the sum of the eigenvalues of the FIM and is th
utility metric for this localization simulation. Note thapid saturation
of the utility after a few sensors, regardless of the sedectigorithm
used in selecting sensors. In this case the minimum numlsansiors
is three for the RNG sensors.

Several algorithms were used to select sensors in a seguer
fashion among the entire set of sensors. The different tiahec ~
algorithms show that the underlying localization problesnder the
sensor selection problem trivial when sensors are suffigietense il
in deployment. The algorithms we used are as follows:

1) Random: We simply pick sensors randomly. This is the sim:

10 -

plest method; it requires no prior information. The densifythe sy r—
deployment determines the success of this method. In phatjchis I'Ean“lfgp”;A
method will be successful in a dense deployment, and willefsily , ‘ ‘ ‘ ‘ ‘ —¥—ARA
in a sparse deployment. % 5 10 I w 2 % 3
2) Entropy Difference: From the observation model, each sensors’ HpeeTseEen
observation has a certain probability distribution. Frofb][ we Fig. 3. One realization of of localization utility
may use a heuristic based on information theory to sort $8nso
according to their potential benefit in improving our acaoyran True Nearest, rel. metric True ARA, rel. metric
the localization problem. This method considers the probie its '® 10
entirety; both the sensor’'s observation variance and tlmngaic so 80
factors are considered. o oo
This method requires two parts. First the entire observapbce
has to be discretized once to compkfé ((9) in [15]) for each sensor *° 40
to compute the a priori entropy of observation: 20 20
0 0
sz — /p(z) logp(z)dz 5 10 15 5 10 15
where 2 is the field of view of the sensors. THHY only depends oo e Perence, e metie 100 Rendom pik,tel mette

on sensors location and the geometry of the observable .space

At each iteration, based on the previously picked sensagsac
the entire observable space, we need to complitg(11) in [15] ),
whereH; represents the entropy of the sensor observation given tl s
the source location is estimated based on knowledge alsilgbto
present.

80 80

60 60
40

20 20

0

5 10 15 5 10 15

H = — /p('z'j) log p(z|#)dz Fig. 4. Number of sensors to achieve 90% of total utility

wherez is the latest maximum likelihood estimate of source locatio
[15] detailed howH; — H; approximates the mutual information
comparison at each sensor and the difference from the achutaial

. - S . . . 90% of the utility achived by using all sensors.
information. All of this is very computationally intensivin fact, ac- 4) Angle-Range-Angle: Yet another heuristic method is to select
cording to [15], it'sO (wg), assuming the observable space is gridded g g ge

. ) . some AOA sensors first, then select all the RNG sensors andttiee
into an xw matrix. If sensors are to compute the entropy difference N aining AOA sensors. Suopose for all RNG sensors the o
a distributed fashion, each sensors requires the protyadhigitribution 9 -+ Supp

of the source location. At the end of each iteration the phisip variance isoc and for all AOA sensors the observation variance is

distribution of the source location will be updated with selected ap- Al RNG Sensors are equ_lvalent In terms .Of their utility e
\ . the localization application, sinceryg are unit vector scaled by
sensor’s observation.

. - . . On the other hand, AOA sensors that are closer to the source
3) Nearest Sensor First: Another heuristic method is to sort thegs)vide more utility than the farther away counternarts
sensors according to their distance from the estimated¢esdocation, P y Y parts.

then pick the closest sensor first. Presenting the seleatgorithm
as an optimization problem, we want to select tkth sensors that

sensors needed for a variety of sensor selection algoritbrashieve

D. Localization Conclusion

Clearly the first few sensors contributed the majority of ity
of the data fusion, under this simplified utility functiorf. $ome
sensors actually have a higher utility function than otlegrsers, even

All that is required is some kind of estimation of source lama fewer sensors will contribute most of the utility. Conseutlie while
and all sensors locations. there are some small differences among the algorithmsbpeeince,

A typical realization of utility progress, with a variety eensor the utility function here penalizes the simple selectigypathm only
selection algorithms is shown in Fig. 3. Fig. 4 shows the nemdd slightly compared to more complex algorithms.

miin||rs —ri|



From the above exercise, we can see that a few sensors imaddi
to the minimum required to resolve the source location usligwill
be sufficient to localize the source, echoing a result oleskiv [16].
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IV. NON-UNIFORM SENSOR UTILITY
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Now we will consider non-uniform sensor utility that arisege
to the sensors’ geometric distribution and the resultirsjadice loss
effect on the expected utility. Order statistics will plajkey role to 5 : 0 15 20 2 30 = a0
transform the sensors distribution to the expected utility Number of sensors

In addition, we will observe that a small number of sensor —
cooperating help in overcoming outage due to fading.

(2]
T
L

A. Order Statistic

The distribution of thek-th statistic out ofn [ID drawn random
variables can be written as follows [17]:
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0 5 10 15 20 25 30 35 40
n—1

fxp (@) =n ( E—1 ) F)* "1 —F@)" " fz) @ Number of sensors

From egn. 7, we can obtain the distribution for the neake#i Fig. 7. Nearest sensor expected utility evolution from n+d in a disk
sensor distance to the source given the number of sensdrartha
drawn, along with the sensor-source distance distribyt@suming

all the sensors are drawn in an IID fashion. In the following w
will consider two distributions: sensors are distributedtiie unit =
disk uniformly, and sensors are distributed according tooemal > 4T )
distribution in a plane. il
2, 3 s

B. Uniform Disk u

_1)_ Layout and Asumptlong We will assume a source is gt the 2; s m " 2 e 0 pre 20
origin and all sensors are distributed uniformly within it disk. Number of sensors

The utility function for a given sensor is the distance of Hemsor
and the source, i.e:;* for the i-th sensor which ig; away from
the source an@ < o < 4.

2) Theoretical distribution of distance: All the sensors are placed
in an IID manner, and the distances are distributed acogretin
fr(r) = 2r,r € [0,1], a triangular distribution. The ordered statistic
for the k-th closest sensor distance farsensors total is as follows o ‘ ‘ ‘

after putting the appropriate terms into eqn. 7. 0 5 10 15 20 25 30 35 40
Number of sensors

_ n—1 2(k—1) 2\n—k
frey (1) =n < E_1 ) r (1—=r7)" " 2r (8) Fig. 8. Nearest sensor expected utility evolution from n #d.rin a 2D
) . o o normal distribution
As fig. 5 shows, the first few distributions are similar and.egn

matched well with the simulation. This similarity betwedne ffirst
few distributions is the key to understanding how to overedading disk distribution, with the exception that we no longer havéard

as will be discussed in section IV-E. boundary limitation as in the disk model. However, our iaggris
. in those that are close to origin. Thus the tail of the distiitn has
C. 2D Gaussian o
little impact.

1) Layout and Assumptions: We continue to assume a source is at
the origin but now all the sensors are distributed in a platandard D. Expected Utility by varying k, n
normal distribution. The utility function for a given semsis the The expected utility of thé-th sensor is
distance of the sensor and the source, #,&" for the i-th sensor
which isr; away f_ron_1 the source arl< o < 4. Elug] = /T*ame(T)dr (10)
2) Theoretical distribution of distance: All the sensors are placed
in an |IID manner, and the distancezis distributed accordiag t From egn. 10, and the respective order statistic distobutiom
Rayleigh distribution, withfr(r) = re~" /2. The extreme ordered eqn. 8 and 9, we obtain the following figures, illustratingletion of
statistics are as follows. utility derived from the nearest sensor as the total numbeensors
increase in the respective environments.
B n—1 Cr2yoNk—1, —r2jon—k. —r2/2 As shown in figures 7 and 8, both distributions behave sitgilar
Frgy (r) = ”( k—1 ) (1-e ) (e )" e Both experience a sharp increase in utility initially, areent the
(9) relative utility growth diminishes.
As fig. 6 shows, the first few distributions are also similaesxh As seen from the figures 9 and 10, the utility is dominated gy th
other. This distribution also shares a similar shape withuthiform nearest sensor. The relative utility is plotted, where th@rest sensor
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Fig. 6. Simulation and theoretical order statistic of dis& to origin, planar normal

Theoretical relative utility by each sensor
10 T —= T T T

Theoretical relative utility by each sensor

10 R
9r i
9r |
8r i
20
16 8r 1
7 |
16
7 |
o 6r 1 4
2 2
c c 6 b
® 51 14 1 3
£ 14 ! 15 ]
x 4r B X 15
12 o 4 15
3r 12 1 I 1
0 10 10
2r ﬁ,, S ,,,g 77777777777777 — ,g,, 5 3t R
3 } 4— 10—
1t 1 o a0 |
55— 5 5
0 . . . . . . . . . . . . . . J
0 5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
Total number of sensor Total number of sensor
Fig. 9. Relative utility in disk Fig. 10. Relative utility in 2D normal distribution

of cooperation should be considered in a sensor network fende

is the reference, and the level curve is the utitigow, the reference, against uncertain environments as discussed below.

in dB.

The implication of the above result is that the one or two sens E- Cooperation
that are closest to the source will generate most of thetytilihis One such infelicitous environmental factor is fading. Ragdcan
further implies that cooperation will not be an effective ane to occasionally cause significant degradation to signal gtrerHere
increase the utility of sensors. Thus cooperating beyorwbssary, we consider the utility function(r—) is multiplied by a fading
e.g. the minimum number of sensors required to uniquelylime@a factor g distributed according to the Rayleigh distributiofs; (g) =
target, will not provide much increase in utility. Howeveome level g/UJ% exp(—g2/(2a?)). For a given geometry, we will draw a set of
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Fig. 12. Fading outage in 2D normal distribution g. 14. Fading outage in 2D normal distribution, fixed goal

sufficient. Nonetheless, even in this case a small numbeerdass
suffice.
Suppose we define outage as a certain quality of service (@oS)

Rayleigh distributed random variables to simulate therfgdéffect
and collect the statistics over multiple instances of thdinig. We

declare ar.l.outage It the sum of t.he faded wutllity is less titen Lhis case as the expected utility from two sensors underfaing

neargst utility when there is no fadlng... i . environment. The outage is shown in figures 13 and 14. With the
Infigures 11 and 12, outage probability, as defined abovéio®s  fiyeq Qos, it is not surprising that as the total number of sens

with o = 0.8. Both types of distributions experience improvement, the numper of sensors used in cooperation increases tageou

with a small number of collaborators and differ only in thél ta yocreases. Note also that as the total number of SensoEAfEs,

region when outage is below 15%. As the number of sensorseeeghe nymber of sensors for actual cooperation can be reduceiér

to mitigate fading increases, the difference between the avder j raach the target QoS. That is achieved by sensors beisgrdo

statistics become apparent. the source such that those sensors can provide the targe@ev@n
Not surprisingly, the outage is independent of the number gf 5 fading environment.

sensors in the entire deployment, as seen in figures 11 and 12

that the given probability of outage depends only on numidfer o V. CONCLUSION

sensors usedk], and not on the total number of sensorg.(That Cooperation among sensors is not an effective means toaisere
is due to the outage definition above, where outage is relaied sensor network utility from individual sensor utility or aing of
the nearest sensor utility in a non-fading environment. &@iven coverage. However, cooperation is an effective means tendef
fading environment, a few sensors cooperating is necessamnpvide against fading and is necessary to provide coverage.

acceptable performance. This is in contrast to the prevémesario. In the case of using cooperation against fading, a small eamb
In the scenario where there is no fading, the nearest selmuwe & of sensors cooperating is sufficient. The number is mostlynation



of the fading parameter, assuming the network is suffigiedéinse
such that the cooperating neighbors also have similatyutili

In the case of increased coverage, only the nearest fewrsemso
needed. This requires the network be deployed at sufficiemsity so
that the few closest sensors will provide the desired quefiservice.
An example is the localization problem, where a certain minmn
number of sensors are needed to produce a unique estimate. Th
required number based on geometry and a few additional setso [12]
mitigate poor geometry placement and/or fading will be sigfit to
provide most of the utility. If the few closest sensors aresufficient,
a large number of sensors will not help, especially aftersmering
the distance loss and the marginal utility provided by therlasensors.

These conclusions follow easily from consideration of thdeo
statistics.

(1]

(2]

(3]

(4

(5]

(6]

(7]

(8]

REFERENCES

A. Krause and C. Guestrin, “Nonmyopic active learninggatissian pro-
cesses: an exploration-exploitation approachfGML *07: Proceedings
of the 24th international conference on Machine learning. New York,
NY, USA: ACM, 2007, pp. 449-456.

S. Meguerdichian, F. Koushanfar, M. Potkonjak, and M.Bivastava,
“Coverage problems in wireless ad-hoc sensor network$rac. |IEEE
INFOCOM, vol. 3, Anchorage, AK, Apr. 2001, pp. 1380-1387.

K. Yedavalli, B. Krishnamachari, S. Ravula, and B. Sragan, “Ecolo-
cation: a sequence based technique for rf localization meless sensor
networks,” inIPSN ’ 05; Proceedings of the 4th international symposium
on Information processing in sensor networks. Piscataway, NJ, USA:
IEEE Press, 2005, p. 38.

L. Doherty, K. S. J. Pister, and L. E. Ghaoui, “Convex piosi esti-
mationin wireless sensor networks,” Rroc. |IEEE INFOCOM, vol. 3,
Anchorage, AK, Apr. 2001, pp. 1655-1663.

D. Niculescu and B. Nath, “Ad hoc positioning system (gp2001.
[Online]. Available: citeseer.ist.psu.edu/niculesca@html

N. Bulusu, J. Heidemann, and D. Estrin, “Adaptive beaptacement,”
in Distributed Computing Systems, 2001. 21st International Conference
on., Apr. 2001, pp. 489-498. [Online]. Available: citese¢misu.edu/
article/bulusuOladaptive.html

Y. Sung, L. Tong, and H. V. Poor, “Sensor configuration autvation
for field detection in large sensor arrays,” 2005. [Onlinajailable:
http://www.citebase.org/abstract?id=oai:arXiv.osg0&02080

Y. Mostofi, T. H. Chung, R. M. Murray, and J. W. Burdick, “@onuni-
cation and sensing trade-offs in decentralized mobile aenstworks:
A cross-layer design approach,” imformation Processing in Sensor
Networks, 2005. IPSN 2005. Fourth International Symposium on, Apr.
2005, pp. 118-125.

El

[20]

[11]

(23]

[14]

[15]

[16]

[17]

F. Bian, D. Kempe, and R. Govindan, “Utility-based senselection,” in
Information Processing in Sensor Networks (IPSN'06), Nashville, TN,
Apr. 2006.

J. Hightower and G. Borriella, “Location systems for iguitous
computing,”|EEE Computer, vol. 34, no. 8, pp. 57—66, 2001. [Online].
Available: citeseer.ifi.unizh.ch/reyOllocation.html

A. Sawvides, “Design implementation and analysis ohad localization
methods,” Ph.D. dissertation, University of Californiaps. Angeles,
2003.

N. Patwari, “Location estimation in sensor network®Ii.D. dissertation,
University of Michigan, 2005.

C. Chang and A. Sahai, “Estimation bounds for localaat in |EEE
Conference on Sensor and Ad Hoc Communications and Networks, Oct.
2004.

J. C. Chen, K. Yao, T. L. Tung, C. W. Reed, and D. Chen, f8eu
localization and tracking of a wideband source using a rango
distributed beamforming sensor arrayfhe International Journal of
High Performance Computing Applications, vol. 16, pp. 259-272, Fall
2002.

H. Wang, K. Yao, G. Pottie, and D. Estrin, “Entropy-bdseensor
selection heuristic for target localization,” Information Processing in
Sensor Networks (IPSN'04), Berkeley, CA, Apr. 2004.

V. Isler and R. Bajcsy, “The sensor selection problembfounded uncer-
tainty sensing models,” itnformation Processing in Sensor Networks
(IPSN'05), Los Angeles, CA, Apr. 2005.

N.Balakrishnan and A. C. Cohefrder Satistics and Inference. Aca-
demic Press, 1991.



