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Abstract

Future smartenvironmentswill be characterizedby
multiplenodeghatsensecollect,anddisseminaténfor-
mationaboutervironmentaphenomenghrougha wire-
lessnetwork.In this paper we definea setof applica-
tions that require a new form of distributed knowledg
abouttheervironmentreferredto asnon-uniforminfor-
mationgranularity. By non-uniforminformationgranu-
larity we meanthat the required accuracy or precision
of informationis proportional to the distancebetween
a source node (information producer)and current sink
node (information consumer).That is, as the distance
betweenthe source nodeand sink nodeincreases)oss
in informationprecisionis acceptableApplicationsthat
can benefitfrom this typeof knowled@ range from bat-
tlefield scenariogo rescueoperations. Themain objec-
tives of this paper are two-fold: first, we will precisely
definenon-uniforminformationgranularity, and second
we will describedifferent protocols that achieve non-
uniform information disseminationand analyzethese
protocolshasedn compleity, enegy consumptionand
accuracy of information.

1. Intr oduction

Smart ervironments are characterizedby a large
numberof distributed sensorghat collect ervironmen-
tal informationin a distributed mannerand distribute
that information acrosswirelesslinks. Typically, sen-
sor networks focus on collecting this informationin a
singleplacefor analysistakinginto consideratioropti-
mizationsfrom local aggreyation(e.g.,LEACH [3]) or
processinglataenrouteto a centrallocation(e.g.,Mag-
netOS[9]). While suchcentralcollectionis important
for mary applications,it doesnot matchthe require-

mentsof all applicationsthat can exploit sensornet-
works.

For example, considera military application with
sensordistributed throughoutan areacollecting infor-
mation about passingvehicles,air contaminants|and
mines, and other ervironmentaldata. We assumethe
sensorgancommunicatevith oneanotherandasoldier
thatmovesthroughoutheregion cancontactary nearby
sensotto find out boththe stateof thatsensoraswell as
ary otherinformationit hascollectedfrom theothernet-
worked sensorsFor this soldier, clearly the eventsoc-
curringin theimmediateneighborhoodre mostimpor-
tant.For example,it is morecritical to know aboutaland
mine nearbythan a temperaturéncreasesereral miles
away thatmayindicateafire. Nonethelesst is still im-
portantthat the soldier have a generaloverview of the
areain orderto plan and make appropriatedecisions.
Similarly, considera rescuescenariowhere a team of
fire fightersis working to rescuerappedvictims. In this
case thefire fighter requirespreciseinformationabout
theimmediatesurroundingsn orderto make decisions
aboutusingresourceso make progressaswell assome
globalknowledgeto planthe pathto thevictims andthe
reversepath.

Theseapplicationgdiffer from usualsensometwork
applicationsin two critical ways.First, the information
is not collectedcentrally but insteadis utilized at ses-
eral placesin the network (e.g.,thelocationsof the in-
dividuals).While somesensometwork applicationsac-
complishthis in a query driven manney askinga cen-
tral sourcefor thelatestcollectedinformation,theseap-
plicationsrequirecontinuousipdatesSecondtheinfor-
mationrequiredateachpointin thenetwork is different.
Specifically the necessanprecisionof information is
proportionako thedistancebetweeraninformationpro-
ducerandan informationconsumerin otherwords,as
the distancebetweerthe sourcenodeandsink nodein-
creaseslossin informationprecisionis acceptableWe



referto this asa non-uniforminformationrequirement,
anew conceptwe introducehere.

This paperintroducesand analyzesseveral proto-
cols that perform non-uniforminformation dissemina-
tion. As theseprotocolsareintendedto run on wireless
sensonetworks,they mustabideby therequirementsf
that ernvironment,namelyto be enepy efficient andto
have low compleity. The distinguishingfeatureof this
new applicationclassis that we cantradeaccurag of
disseminatednformationfor enegy. Our experimental
resultsclearly shaw this trade-of for avariety of proto-
cols.

The remainderof this paperbegins with a precise
characterizationf therequirement$or non-uniformin-
formationdisseminatiomprotocols.Section3 describes
the details of several protocols.In section4, we dis-
cussthe implementatiordetailsof the protocolswithin
the ns-2 simulator and then presentour experimental
results.Section5 describegelatedwork and section6
presentsuturework. Finally, we presentonclusionsn
section?.

2. DesignGoals

We proposeusingthefollowing designgoalsfor sen-
sornetwork protocols.

e Enegy efficiency As sensornodesare battery-
operated, protocols must be enepgy-efficient to
maximizesystemlifetime.

e Accumacy. Obtaining accurateinformation is the
primaryobjective of asensomnetwork, whereaccu-
rag is determinedby the given application.There
is atrade-of betweeraccurag, lateng andenegy
efficiency. In theapplicationsvetarget,it is accept-
ableto have informationwith low accurag about
sensorghatarefar away, whereasensorghatare
close by shouldhave highly accurateinformation
abouteachother Becauseof non-uniforminfor-
mationdisseminationa givensensowill nothave
all theinformationfrom all othersensorsat every
pointin time. Considera casewheresensorS; re-
ceves every nt" paclet from anothersensorSs.
In this case,S; recevestheit® pacletfrom S, at
timet; andthe (i +n)** pacletfrom S, attimet,
(n > 0). Thus,in theinterval t;—t,, theinforma-
tion S; hasaboutS, is notaccurateWe expressac-
curag in termsof thedifferencebetweeractualin-
formationandstaleinformation.

e Scalability. Scalabilityfor sensometworksis also
a critical factor For large-scalenetworks, proto-
cols should be distributed. A protocol should be
basednlocalizedinteractionsandshouldnotneed

global knowledge suchas currentnetwork topol-
ogy.

With thesedesigngoalsin mind, in this paperwe
presentsimple deterministicprotocols (Filtercastand
RFiltercast)and non-deterministiqrotocols(unbiased
and biasedprotocols)to achieze non-uniforminforma-
tion dissemination.Comparedto flooding, thesepro-
tocols reducethe cost of communicationby reducing
the numberof paclet transmissionsand receptions At
the sametime, theseprotocolsare designedo operate
within the application-specifi¢olerancein termsof ac-
curag. Our resultsindicatethat theseprotocolsoutper
form floodingin termsof enepy efficiency—the trade-
off betweerenegy andaccurag is resohedin favor of
enegy while keepingtheaccurag acceptabldy theap-
plication. The next sectiondescribeghe detailsof each
of theseprotocols.

3. DisseminationProtocols

This sectionintroducesthe mechanismsf several
protocolsthatperformnon-uniforminformationdissem-
ination. Similar to traditional sensornetworks, every
nodein the network senesasa sourceof information
to be spreadthroughoutthe network. Unlike traditional
networkswherea specificnodesenesasthe sink node,
every nodein our systemrecevesand storessomein-
formationaboutthe statusof the othernodesin the sys-
tem.

We begin our protocol discussiornwith a traditional
floodingalgorithm.Floodingachiezesuniforminforma-
tion disseminationandsenesasa baselineof compar
ison for the rest of our protocols.Following this, we
introducetwo new deterministicprotocolsandanalyze
two non-deterministigrotocols[10].

3.1. Traditional Flooding

In flooding, a sensorbroadcastdts data,and this is
recevved by all of its neighbors.Eachof theseneigh-
bor sensorgebroadcastshe data,and eventually each
sensotin the network recevesthe data.Somememory
of pacletsis retainedat eachsensorto ensurethat the
samepaclet is not rebroadcasinorethanonce.If each
sensotbroadcast#s data,thenwith this flooding proto-
col, every sensorin the network will receve datafrom
every other sensor Thus, ignoring distribution latengy,
which is the amountof time requiredfor a paclet to
travel from the sourceto the farthestsensorin the net-
work, every sensotasanidenticalview of the network
atevery pointin time.

While it is possiblefor somenumberof pacletsto be
lostdueto collisionsor transmissiorerrors therebroad-



castingof every paclet by all sensorsntroducesa cer
tain degreeof redundang to the system,makingit ro-
bustto lost paclets.If we ignorethis possibledataloss,
every sensohasessentialljthe samehigh accuray data
from every othersensoin thenetwork. Furthermorethe
protocolitself is simple and straightforward to imple-
ment.

Unfortunatelythe simplicity andhigh accurag come
atthepriceof highenepgy expenditure Themassive data
replicationrequiresactive participationfrom every sen-
sorin the network, andthussensorganquickly run out
of enegy.

3.2. Deterministic Protocols

In analyzingthefloodingalgorithm,it is apparenthat
to achieze non-uniforminformation disseminationthe
first approachs to simply transmitfewer paclets. The
two protocolswe introducehere,Filtercastand RFilter
cast,achieve justthatby deterministicmeans.

3.2.1. Filtercast As the namesuggestsFiltercastfil-
tersinformationat eachsensoranddoesnot transmitall
the informationreceved from othersensorsn the net-
work. Filtercasts basednasimpleideaof samplingn-
formationrecevedfrom a givensourceat a certainrate
n, specifiedasaparameteto theprotocol.Thelowerthe
value of n, the more accuratethe informationdissemi-
natedby the protocol. Whenn = 1, Filtercastbehaes
identically to flooding. During protocoloperationeach
sensorkeepsa countof the total numberof pacletsit
hasrecevedsofarfrom eachsource sourcec,:. A sen-
sorforwardsapacketthatit recevesfrom source only if
(source.ns mod n) == 0, thenincrementssource .
We refer to the constantl /n asthe filtering frequeng.
The intuition is that asthe hop countbetweena source
andasink nodeincreasegheamountof informationre-
disseminatedecreasedueto thecascadingffectof the
filtering frequeng at eachsubsequergensor

While this reduceghetotal numberof transmissions
comparedo flooding, the stateinformationmaintained
at eachsensoiincreasesSpecifically eachsensomust
maintaina list of all the sourcest hasencounteredrom
the start of the applicationand a count of the number
of packetsseenfrom eachof thesesourcesAs this in-
creasedinearlywith thesizeof thenetwork, it maypose
somescalabilityproblems.

3.2.2. RFilter cast One potentialproblemwith Filter-
castis the synchronizatiorof the pacletstransmittecby
theneighborsOurintuition is thatif we canremovethis
redundang, we may be ableto increasehe accurag of
theprotocolwithoutincreasinghe enegy expended.
This idealeadsdirectly to a new protocol we refer
to asRFiltercastor Randomized-iltercast.In this vari-

ant of Filtercast,the filtering frequeny % is still the
samefor all sensorshut eachsensorgenerates ran-
domnumberr betweerl . ..n andretransmitsa paclet
if (sourcecn: mod n) —r == 0. Intuitively, this means
that eachsensorconsidersa window of sizen andwill
transmitonly one of the pacletsfrom a givensourcein
thiswindow. So,for awindow of size2, half of thepack-
etswill beselectedor re-transmissiorbut insteadof al-
waysretransmittinghefirst of thetwo paclets,the sen-
sorsthatchooser = 1 will transmitthe first of thetwo
pacletswhile the sensorghatchooser = 0 will trans-
mit thesecondof thetwo paclets.

While our intuition wasthat the sameenegy would
be expendedby RFiltercastasfor Filtercast,this turns
out not to be true. In fact, RFiltercasttransmitsmore
pacletsthanFiltercastbut fewer thanFlooding,putting
its enegy expenditurein betweerthe two. While RFil-
tercasthasmoretransmissiongncreasingts enegy ex-
penditurejt alsohasimprovedaccurag over Filtercast.
The crucial point to extract is that RFiltercastshould,
on average propagateénformationfasterthanFiltercast,
leadingto more accuratedatathroughoutthe network,
but RFiltercastwill requirelessenegy thanflooding.

3.3. Randomizedprotocols

Even though both RFiltercast and Filtercast are
lightweight protocols, they still have some over
head,suchan keepingsomehistory of previously seen
sources. However, their deterministic nature makes
themeasyto analyzeandtheir resultsboth predictable
andregular. We next describeseveral probabilisticpro-
tocols. In these protocols, when a sensorreceves a
paclet, it choosesa random number and then de-
cideswhetherto forwardthe paclet or not basedon the
numberchosenThe probabilisticprotocolscanbeclas-
sified into two categyories,namelybiasedand unbiased
protocols.In the biasedprotocol, sensorsdiastheir de-
cision aboutwhetherto forward a paclet basedon the
location of the source,where paclets from close sen-
sorsaremorelikely to be forwardedthanpacletsfrom
distant sensors.In the unbiasedprotocol, all pack-
etsareforwardedwith equalprobability.

3.3.1. UnbiasedProtocol The notion of usingproba-
bilities to flood pacletsthroughouta network hasbeen
studiedpreviously, but to the bestof our knowledge,no
studiesexist thatexploreits applicabilityto applications
with non-uniforminformationgranularityrequirements.
Similar to the deterministigprotocols the unbiasedoro-
tocol also takes a parameterthat affects the accurayg
of the forwarding.In this case the parametespecifies
the probabilitythata paclet shouldbeforwarded.n the



caseof unbiasedprotocols,this value is the samefor
eachincomingpaclet.

The main advantageof this protocolis its simplic-
ity and low overhead.As every paclet is forwarded
only with a certainprobability, the protocol resultsin
lesscommunicatiortomparedo flooding(whenthefor-
wardingprobabilityis lessthan1) andthusit canbeen-
ergy efficient. Also, the protocolhaslessoverheacdcom-
paredto thosepreviously describedn thispapetbecause
it doesnot requiresourceinformationto be maintained.
Also, the paclet forwardingcriteriais very simpleand
requiresno complex operations.Therefore,this proto-
col hasthe potentialto scalevery well.

To adjustthe accurag of theinformationthroughout
thenetwork, theforwardingprobabilitycanbetunedac-
cordingto the applicationneeds.The primary tradeof,
however, is enegy for accurag. In general,asthe for-
warding probability increasesthe behaior corverges
towardflooding.While our currentstudyconsidersonly
constantprobabilities,in the future we will look at the
possibility for probabilitiesto be adjusteddynamically
to adaptto the currentnetwork traffic andthe applica-
tion needs.

3.3.2. Biased Protocol For biasedprotocols,the for-
wardingprobability is inverselyproportionalto the dis-
tancethe paclet hastraveled sinceleaving the source
sensorln otherwords,if asensorecevesapacketfrom
a closeneighbor it is morelikely to forward this than
a paclet receved from a neighbormuch fartheraway.
To estimatedistancebetweensensorsa sensorexam-
inestheTTL (time-to-live)field containedn the paclet.
If we assumaeall sensorausethe sameinitial TTL, we
canusethecurrentTTL to adjustthe forwardingproba-
bility for eachpaclet.

Themotivationfor usingTTL is two-fold. First, it in-
dicatesthe distancebetweentwo sensorsn termsof a
hopcount.In mostscenariosthis canbeusedasarough
approximationfor physicaldistance andthereforeis a
valid metric for biasingour forwardingapproachSec-
ond, estimatingdistanceusingTTL hasnggligible over
head.The computationis straightforward, andbecause
a sensomustdecrementhe TTL field beforeforward-
ing the pacletin ary casethereis no additionalover
headto extractthe TTL information from the paclet.
However, note that TTL doesnot always indicate the
exact distancebetweentwo sensorsFor example,con-
sider a sourcenode S and a destinationnode D. It is
possiblethat either due to congestionor collisions, a
paclet getsdroppedalongthe shortespathandanother
paclet reacheswode D via alongerroute.In thatcase,
the TTL would give a falseestimateof distance How-
ever, in astaticnetwork, nodeD canalwaysmaintainits
currentestimateof the TTL to nodeS. If it everreceves

a paclketfrom S with a higherTTL (meaninga shorter
path),it canupdateits existing value.However, this ap-
proachwill not work in networks with mobile nodes.
We usedthe TTL-basedapproacHor the biasedproto-
col mainly for its simplicity andenengy efficiency.

Similar to the unbiasedrotocol,this biasedprotocol
requiresno additionalstorageoverheadand the proto-
colitself is completelystatelesgnote,however, thatthis
doesnot eliminatethe cachingof recentlyseenpaclets
in orderto avoid re-broadcastinthe samepaclet multi-
ple times).Thereforethis protocolscalesvery well.

4. Experimental Study

In orderto analyzethe protocolsdescribedn thepre-
vioussectionwe have developedanevaluationerviron-
mentwithin thens-2discreteaventsimulator[7] andim-
plementedall of theprotocolsTablel liststhemajorpa-
rametersisedduring our simulations.

Simulationarea 800 x 800 m?
Transmissiomange 100 m
Initial-Enemgy 10000 J
MAC Protocol 802.11
Bandwidth 1 Mbps
TransmitPower 0.660 W
Receve Power 0.395 W
Idle Power 0.0Ww
Numberof Nodes 100

Table 1. Simulation parameters.

We considertwo sensordeploymentstrateyies: uni-
form and random.In a uniform deployment strateyy,
sensorsare distributed with some regular geomet-
ric topology (e.g., a grid). With randomdeployment,
sensorsare scatteredthroughoutthe field with uni-
form density For a battlefield-like scenario,random
deployment might be the only option, but with ap-
plications such as animal tracking in a forest, sen-
sors may be deployed in a deliberate,uniform fash-
ion.

In orderto simulatesensoreadingswe divide the
simulation into an initialization phaseand a report-
ing phase.During the initialization phase,each sen-
sor choosesa randomnumberbetween0 and 100 to
sene as its initial sensorreading.During the report-
ing phasegachsensolincrementsts readingby a fixed
amountat fixed intervals. In the realworld, dueto cor-
relation among physically co-locatedsensorssensors
might have a slightly differentreadingpattern;however,



this simulationdoesprovide us with valuableinforma-
tion aboutthe behaior of our protocolsundervarious
conditions.

4.1. Traffic Load Study

This study focuseson evaluating the effect of a
changein traffic load for both grid andrandomtopolo-
gies.In thefirst setof experimentswe studythe effect
of varying traffic loads systematicallyfrom 5 pack-
ets/sedo 1 paclet/2 sec.Thegoal of theseexperiments
is to understandhe relationshipbetweenaccurag, re-
porting rate,andnetwork capacityfor bothuniform and
non-uniformdisseminatiorscenarios.

Notethatin orderto calculateaccurag, we find the
differencebetweera sensors local view of anothersen-
sorandthe actualvalueof thatsensorA view is essen-
tially the latestdatapoint that one sensorknows about
anothersensor This view is then normalizedbasedon
distance The error matrix em; for a given sensorsS; is
givenas:

em; = .29 1/n T}, abs(R(S;) — R(Sk)) * wi(k)
1

wir = 1/eucdist(S;, Sk) (2)

Thefist equatiorshavsthatfor agivensensoxve cal-
culateweightedaverageerroracrossall rangesWe vary
therangein termsof distancewith astepsizeof 100me-
ters.Thatis, first we calculatethe weightedaverageer
ror for agivensensomith respecto all sensorsvithin d
meterdromit, whered is variedfrom 100to 600meters.
Also notethat Euclideandistances usedasthe weigh-
ing factorsothatthe higherthe distancethe smallerthe
contribution of errortowardoverallerror. Thiserrorcal-
culationdescribesour non-uniformdatadissemination
requirementy giving higherweightto errorsfor data
thatoriginatedn acloseneighborhoodndlowerweight
to errorsfor datathatoriginatedfrom a distantsensorlt
is worth noting that althoughwe refer to this aserror,
becausehevalueof thedataatthe sourceincreasedin-
early it alsorepresentsheaccuray of thedata.

Our resultsindicatethatwith flooding, congestioris
a severe problem,and other protocolsarelessproneto
the congestionproblem. From the enegy-error trade-
offs study we canseethatfloodingis the leastenegy
efficient protocol and hasthe highesterror if the net-
work is congestedRFiltercastand the biasedprotocol
aremoreeneny efficientthanflooding,andprovide low
errorin mostcasesFiltercastandthe unbiasedrotocol
arethe mosteneny efficient protocols,but their accu-
ragy is good(low error)only at highersendingfrequen-
cies.
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Figure 1. Grid: Average error as a function
of distance with data rate 5 packets/sec.
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Figure 2. Grid: Average error as a function

of distance with data rate 2 packets/sec.

4.1.1. Grid Topology Figuresl, 2, 3, and4 shawv the
performancef Flooding,Filtercast RFiltercastandthe
biasedand unbiasedrandomizedprotocolsundervari-
oustraffic loadsfor the grid topology In thesegraphs,
distancds variedacrosghe X-axis (in stepsof 100me-
ters)andthe Y-axisshavs meanerror.

From Figure 1, where the data rate is 5 pack-
ets/sec,we can see that even though theoretically
flooding shouldhave no error, dueto congestionflood-
ing has the highest error. This is due to the fact
that if the total traffic exceedsthe network capac-
ity, congestion causespaclets to be dropped and
this gives rise to loss of information and high er
ror. At the sametime, high traffic resultsin higher
collisions.In this situation,even RFiltercastandthe bi-
asedrandomizedprotocolresultin high traffic loadand
thusthey have high erroraswell. However, both Filter-
castand the unbiasedrandomizedprotocol (with for-
warding probability of 0.5) perform well in this case
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Figure 3. Grid: Average error as a function
of distance with data rate 1 packet/sec.
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Figure 4. Grid: Average error as a function
of distance with data rate 1 packet/2 sec.

becausethe traffic load does not exceed the avail-
able network capacity As expected,for all protocols
the error increasesas the distancefrom the sourcein-
creasegesultingin non-uniforminformationacrosghe
network.

Whenthe sendingfrequeng is changedo 2 pack-
ets/sec,as shovn in Figure 2, flooding the network
still causescongestionand thus flooding has high er
ror. However, now for both RFiltercastand the biased
protocol,theload doesnot exceedthe network capacity
andtheir performances betterthanin thepreviouscase.
Also, notethat now thesetwo protocolsperform better
in termsof errorratethanthe unbiasegrotocolandFil-
tercasbecausef thefactthatthey disseminatenorein-
formationyettheinformationdisseminatedoesnot ex-
ceedthenetwork capacity

When the sending frequeny is lowered to 1
paclet/sec,as shavn in Figure 3, then even flood-
ing doesnot exceednetwork capacity Since the net-
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Figure 5. Grid: Weighted energy-accuracy
tradeoff.

work is no longer a bottleneck,flooding disseminates
the maximuminformation successfullyand clearly has
the lowesterror. Both the biasedand RFiltercastproto-
cols performbetterthanthe unbiasedorotocolandFil-
tercast.The unbiasedprotocol and Filtercasthave the
highesterror in this casebecausdahey do not dissem-
inate as muchinformation as the other protocols.The
sametrend continueseven for the lowest sendingfre-
queng, shavn in Figure4.

The interestingpoint abouttheseresultsis the oscil-
latory phenomenorin enegy-errortrade-of. To elabo-
ratefurtheronthis, if thetotal dataexceedsetwork ca-
pacity, thenary furtherdataonthechannelill increase
congestioranddecreaseverall lifetime of the network.
Whenthe amountof datatransmitteds belowv network
capacity thenthereis a trade-of betweerenegy spent
andaccuray obsened.Thisis becaus@aslong astheto-
tal datadoesnot exceednetwork capacity sendingmore
datawill improve accurag at the costof enegy spent
in communicationHowever, with non-uniforminforma-
tion granularity accurag betweentwo sensorss pro-
portionalto distancebetweernthem.Therefore RFilter
castandFiltercastiry to achieve this by filtering paclets
andrandomizedprotocolstry to achiese this by proba-
bilistically forwardingpaclets.

Figure 5 shaws the trade-of betweenenegy and
weighted error, using the weighted error calculation
methoddescribedn Eqgns.1 and2. In Figure5, the X-
axisindicatesthe enegy spentin Joulesandthe Y-axis
shavs meanerror.

Forflooding,whenthereportingfrequeng is highest,
the enegy spentis maximum.However, as mentioned
earlier congestionand collisions causehigh error. As
the sendingfrequeny decreaseso the point that total
traffic doesnot exceednetwork capacity the error also
decreased:loodingperformsthe bestin termsof accu-
ragy (minimum error) whenthe sendingfrequeng is 1



paclet/sec;afterthis rate,the error startsincreasingdue
to the fact that not enoughinformationis propagated.
This is aninterestingphenomenonwherethe error os-
cillatesbetweenthesetwo bounds.The upperboundis
a function of the network capacity whereasthe lower
boundis afunctionof the application-specifiaccurag.
Previousresearchthasalsoshavn thisphenomenofil1].

Basedon the enegy-errortrade-of, we cansaythat
at high sendingfrequeng, flooding performsthe worst
by spendinghigh enegy while not providing accurate
information(high error).RFiltercastandthe biasedpro-
tocol startperformingbetterthanflooding at high rates.
Thereis a considerablalifferencebetweenenegy and
error for RFiltercastand the biasedprotocol compared
to flooding at the sendingfrequeny of 2 paclkets/sec.
As one can anticipate,flooding performs better than
all other protocols when the sendingfrequeny is 1
paclet/sec,but note that thereis not much difference
betweenflooding, RFiltercastand the biasedprotocol
evenwhenthenetworkis operatingn thenon-congested
mode.Filtercastandthe unbiasegrotocolperformbest
in termsof enegy and error at high sendingfrequen-
ciesandtheir performancestartsto degradeasthe send-
ing frequeng is reduced.

The desirablemodeof operationfor a protocolis in
the region whereminimum enegy is spentandlow er
ror is obsered.Notethatthe desiredmodeof operation
for a protocoldependon factorssuchasnetwork den-
sity, transmissiorrangeof theradios,etc. In our future
work, wewill performananalyticalstudyto addresshis
issue.From Figure5, this zonelies aroundsendingfre-
gueng 2 paclets/sedo 1 paclet/sedor RFiltercastand
thebiasedprotocol,whereador floodingit lies at send-
ing frequeny 1 paclet/sec.

Onemightaskthe questionwith floodingat sending
frequeng 1 paclet/secjf lessenepy is spentandlower
error is achieved than with RFiltercastand the biased
protocol at frequencies2 paclkets/secor 1 paclet/sec,
thenwhy not just usethe flooding at the low sending
frequeng? Theanswelis thatthis choiceis application-
specific,asin thatregionthe enepgy/errordifferencebe-
tweenflooding and RFiltercastand the biasedprotocol
is not much, so the decisionis left up to the applica-
tion designerto make the right protocol choice.Also,
asa passingnote, we shouldpoint out that asthe net-
work sizeincreasesflooding canposeserereproblems
in termsof scalabilityandeneny efficiency. Therefore,
randomizedrotocolsshouldbe consideredisviableal-
ternativesin thesecasesin our experimentatiorwe had
a network of 100 sensorshut with a network of thou-
sandsof sensorsve believe that randomizedprotocols
will performmuchbetterthanflooding.

With randomizedprotocols,the biasedprotocolper
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formsthebestby spendingnoderateenegy andgetting
high accurag. Our resultsshav thatrandomizecdproto-
cols canachieve high enegy savings while at the same
time achieving acceptablaccuray with almostnoover-

head.Also note that RFiltercastand the biasedproto-
col have almostequivalenterrorcurveswhile thebiased
protocolis moreenegy efficientandhasnegligible over

head.

We believe thata randomizedorotocolwith very lit-
tle overheadcanbe seenasan attractive alternatve for
flooding or other protocolswith large overhead How-
ever, in all casestheissueof acceptablaccurag should
beresohedin anapplication-specifievay.

4.1.2. RandomTopology Figurest, 7,and8 show our
resultswith arandomtopologyandthesametraffic loads
asbefore.Dueto spacerestrictions,we arenot adding
the resultswith sendingfrequeng 2 paclets/ secand
theenegy-errortrade-of study but they shown a similar
trendto thatof thegrid topology It is not clearwhether
regulardeploymentwill offeradvantagesveruniformly
distributed randomdeployment;if it doesnot, random
deploymentis preferablébecausef its low cost.

4.1.3. TransmissionRange We now changehetrans-
missionrangeof a sensoffrom the original valueof 100

metergo 150 metersWe usethe10x10 grid topologyin

this experiment.The effect of the increasdn transmis-
sionrangecorrespond$o anincreasen thedegree(con-
nectvity) of a sensorThis resultsin decreasindhe ca-
pacity of the network, meaningcongestioroccurseven
at low sendingfrequenciesintuitively, this will make
the overall situationworseif the network is operating
in a congesteanode.This canbe seenfrom our results,
in Figuresl and9, asthereis anincreasen overall er

ror for Flooding, RFiltercastandthe randomizedproto-
cols.
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In this caseeven at the low sendingfrequeng of 1
paclet/secshovn in Figure 11, flooding doesnot per
form well dueto network congestionPreviously, when
the transmissionrangewas 100 meters,flooding per
formed well at this sendingfrequeng (seeFigure 3).
However, whenthenetwork is notcongestedhendueto
the higherconnectvity andshorteraveragehop length,
theaverageerrordecreaseds-or example for RFiltercast
andthe biasedprotocol,whenthe sendingfrequeng is
1 paclet/sec,thenthe maximumabsoluteerror values
with atransmissiorrangeof 100 metersare0.4 and0.6
respectiely, as shavn in Figure 3. With the transmis-
sionrangechangedo 150 meters Figure11 shavs that
the maximumabsoluteerror for RFiltercastand the bi-
asedprotocolchangego 0.24 and0.24 respectiely.

Similarly, all the protocolshave low errorvaluesata
sendingrequeng of 1 paclet/2 secwhenthetransmis-
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Figure 9. Tx=150 m: Average error as a

function of distance with rate 5 pack-

ets/sec.

sionrangeis 150 meters,asshavn in Figure 12, com-
paredto the oneswith 100 meterstransmissiorrange,
shavnin Figure4.

Overall from theseresults,we canconcludethe fol-
lowing: in the caseof applicationghatcanexploit non-
uniforminformation,protocolscanbe designedo make
efficient use of the available bandwidthwhile provid-
ing the necessaryevel of accurag. Generally RFil-
tercastoutperformsFiltercastwhen the network is not
congestedAlso, naive, randomizedprotocolssuch as
the unbiasedprotocol,outperformspecializecprotocols
suchas Filtercast.This is becausén generalwith the
randomizedprotocolsor thedeterministigprotocols the
total datathatis transmittedremainsundernetwork ca-
pacityevenfor highsendingrequencieandatthesame
time theseprotocolstransmitdataby droppingpaclets
for far away sensorsin our setting,sinceaccuray is
a function of distancethe errorsfor far sensorscount
lessand overall theseprotocolsperformwell. The bi-
asedrandomizedorotocolhascomparablgerformance
to thatof RFiltercastNotethatbothFiltercastandRFil-
tercasthave someoverheadto maintainthe sourcelist
andthe countof how mary pacletsa givensourcenode
hastransmittedOnthe otherhandtherandomizedoro-
tocolsrequireno suchmaintenanceWe believe thatran-
domizedprotocolswith intelligent adjustmentof for-
warding probabilitiescanbe consideredasthe mostef-
ficientalternatve for non-uniformdatadissemination.

5. RelatedWork

Recently sensornetworks have dravn a consider
ableamountof attentionfrom the researclcommunity
A numberof routing/dataaggregationapproachefave
beenproposed?, 3, 5, 6]. Most of this existing work
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focuseson two primary cases:(1) Sensorssendtheir
datatoward a centralizedbasestationthat hasinfinite
power and is responsiblefor all dataprocessingand
no in-networkprocessings done.(2) Sensorglo some
in-network dataprocessinguchasdatafusionandthis
high level datais sentto the centralbasestation.In our
case,however, we do not assumethe presenceof ary
suchbase-statiorandthe sensorslisseminaténforma-
tion amongthemseles so that the usercan connectto
ary of the sensorgo extract network information. This
comedrom ourtargetapplicationdomaindescribegre-
viously.
Otherstudiesconsideredpecificsensometwork ap-
plications and their implication on protocol design.
Cerpa et al. [1], have consideredhabitat monitor
ing and have designedprotocolsto match the appli-
cation need. Heinzelmanet al. [3], describedadap-
tive protocols for information dissemination.In this

work, to sase enepgy, sensorssend out adwertise-
mentsfor datathey have, and they only sendthe ac-
tual data if it is requestedby one or more nodes.
Tilak [10] described probabilistic flooding alterna-
tives. However, the main goal of this researchwas
congestionavoidance rather than non-uniform infor-
mationdisseminationThe primary differencebetween
our work and existing work is the applicationrequire-
ment. In our study we focus on a new application
requirement,non-uniforminformation, and try to an-
alyze protocolsfor this classof applications.To the
best of our knowledge, this is the first paperto fo-
cusonthisissue.

In the DREAM [8] routing protocol, routing tables
are updatedbasedon the distancebetweentwo nodes
andthe mobility rate of a given node.While this work
hasa similar flavor to our work, exploiting non-uniform
information needs,it is limited to only adjustingrout-
ing tablesand doesnot apply to the actualdatathatis
exchangedetweertwo nodes.

In this paperwe have consideredflooding as one
of the alternatvesfor datadisseminatiorin sensomet-
works. However, flooding andits alternatveshave also
been explored in the context of mobile ad hoc net-
works. Perkinset al. describelP Flooding in ad-hoc
networks [4]. While this paper considersprobabilis-
tic flooding protocolsfor sensornetworks, Sassonet
al. have studiedprobabilistic flooding for ad hoc net-
works [12] and usedthe phasetransitionphenomenon
asabasisto selectthe broadcastingprobability.

6. FutureWork

At presentpur simulationresultsarelimited to static
networks. It would beinterestingto evaluatethe perfor
manceof theseprotocolsin networks with mobile sen-



sors,which resultin a continuouslychangingtopology

The interestingquestionis: cana stateful,deterministic
protocoladaptguickly to network dynamics?f not,then
how well do the statelesstandomizedprotocolsbehae
with dynamicnetworks?We would alsolik eto developa
priority-basedprotocolwherea sourcemarksall its out-

goingpacketswith certainprobabilityto indicatetheim-

portanceof information containedin the given paclet.

Any forwardingnodecanconsidetrpriority in the paclet
whenmakingits forwardingdecision.lt would beinter-

estingto comparethis protocolwith the protocolseval-

uatedhere.

At presentthe datamodelconsistof increasingval-
uesof samples.in our future work, we would like to
usea modelwheresamplevaluesarerandomvariables.
With thisrandomizednodel,we canexploreotherinter-
estingmetricssuchasreactizenesgo events.

In this paper the distancebetweerntwo nodesis used
asa parametefor non-uniformdatadisseminationand
wepresentpplicationsuchasabattlefieldscenariasa
motivatingapplication However, in ourfuturework, we
wouldliketo focusonabroadrangeof applicationsvith
a non-uniforminformation disseminatiorrequirement,
wherefactorsotherthandistancebetweertwo nodescan
beused.

7. Conclusion

Themainobjectivesof this paperareto preciselyde-
fine non-uniform information granularity and to both
describeand analyzea set of protocolsthat achieve
non-uniforminformation disseminationWe have eval-
uatedthe performanceof both deterministic(Filtercast
andRFiltercastiandnon-deterministi¢unbiasedindbi-
ased)protocolsundervarioustraffic loadsandtransmis-
sion ranges.With flooding, congestionrappeargo be a
limiting constraintand further, flooding is not gener
ally enegy-efficient. Our resultsindicatethat the per
formanceof RFiltercastandthe biasedrandomizedro-
tocolis almostequivalent.RFiltercastrequireseachsen-
sor to maintainsomeextra stateinformation, whereas
the biasedrandomizedprotocolis completelystateless
andhasnegligible overheadAlso, we notethatthe per
formanceof Filtercastandtheunbiasedandomizedgro-
tocolis almostequivalent.Again,therandomizecroto-
col is completelystatelesandhasnegligible overhead,
while Filtercastrequireseachsensorto maintainsome
stateinformation.

We believe that randomizedprotocolscanbe attrac-
tive alternatvesto flooding when 100% distribution of
information is not neededby the application. Over
all, randomizedprotocolshave lesscompleity andare
very enegy-efficient. Furthermorefor randomizecro-

tocols one can adjust the forwarding probabilitiesin
application-specifisvaysto make the enegy-accurag
trade-of acceptableo the application.
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