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Abstract

Future smartenvironmentswill be characterizedby
multiplenodesthatsense, collect,anddisseminateinfor-
mationaboutenvironmentalphenomenathrougha wire-
lessnetwork.In this paper, we definea setof applica-
tions that require a new form of distributedknowledge
abouttheenvironment,referredto asnon-uniforminfor-
mationgranularity. By non-uniforminformationgranu-
larity we meanthat the required accuracyor precision
of information is proportional to the distancebetween
a source node(informationproducer)and current sink
node(information consumer).That is, as the distance
betweenthe source nodeand sink nodeincreases,loss
in informationprecisionis acceptable. Applicationsthat
canbenefitfromthis typeof knowledge range frombat-
tlefieldscenariosto rescueoperations.Themainobjec-
tivesof this paperare two-fold: first, we will precisely
definenon-uniforminformationgranularity, andsecond
we will describedifferent protocols that achieve non-
uniform information disseminationand analyzethese
protocolsbasedoncomplexity, energyconsumption,and
accuracyof information.

1. Intr oduction

Smart environments are characterizedby a large
numberof distributedsensorsthat collect environmen-
tal information in a distributed mannerand distribute
that information acrosswirelesslinks. Typically, sen-
sor networks focus on collecting this information in a
singleplacefor analysis,takinginto considerationopti-
mizationsfrom local aggregation(e.g.,LEACH [3]) or
processingdataenrouteto acentrallocation(e.g.,Mag-
netOS[9]). While suchcentralcollection is important
for many applications,it doesnot match the require-

mentsof all applicationsthat can exploit sensornet-
works.

For example, considera military application with
sensorsdistributedthroughoutan areacollectinginfor-
mation aboutpassingvehicles,air contaminants,land
mines,and other environmentaldata.We assumethe
sensorscancommunicatewith oneanother, andasoldier
thatmovesthroughouttheregioncancontactany nearby
sensorto find outboththestateof thatsensor, aswell as
any otherinformationit hascollectedfrom theothernet-
worked sensors.For this soldier, clearly the eventsoc-
curringin theimmediateneighborhoodaremostimpor-
tant.Forexample,it is morecritical to know aboutaland
mine nearbythana temperatureincreaseseveral miles
away thatmayindicatea fire. Nonetheless,it is still im-
portantthat the soldierhave a generaloverview of the
areain order to plan and make appropriatedecisions.
Similarly, considera rescuescenariowherea teamof
fire fightersis working to rescuetrappedvictims. In this
case,the fire fighter requirespreciseinformationabout
the immediatesurroundingsin orderto make decisions
aboutusingresourcesto makeprogress,aswell assome
globalknowledgeto planthepathto thevictimsandthe
reversepath.

Theseapplicationsdiffer from usualsensornetwork
applicationsin two critical ways.First, the information
is not collectedcentrally, but insteadis utilized at sev-
eral placesin the network (e.g.,the locationsof the in-
dividuals).While somesensornetwork applicationsac-
complishthis in a querydriven manner, askinga cen-
tral sourcefor thelatestcollectedinformation,theseap-
plicationsrequirecontinuousupdates.Second,theinfor-
mationrequiredateachpoint in thenetwork is different.
Specifically, the necessaryprecisionof information is
proportionalto thedistancebetweenaninformationpro-
ducerandan informationconsumer. In otherwords,as
thedistancebetweenthesourcenodeandsink nodein-
creases,lossin informationprecisionis acceptable.We



refer to this asa non-uniforminformationrequirement,
a new conceptwe introducehere.

This paper introducesand analyzesseveral proto-
cols that perform non-uniforminformation dissemina-
tion. As theseprotocolsareintendedto run on wireless
sensornetworks,they mustabideby therequirementsof
that environment,namelyto be energy efficient and to
have low complexity. Thedistinguishingfeatureof this
new applicationclassis that we can tradeaccuracy of
disseminatedinformationfor energy. Our experimental
resultsclearlyshow this trade-off for a varietyof proto-
cols.

The remainderof this paperbegins with a precise
characterizationof therequirementsfor non-uniformin-
formationdisseminationprotocols.Section3 describes
the details of several protocols.In section4, we dis-
cussthe implementationdetailsof the protocolswithin
the ns-2 simulator and then presentour experimental
results.Section5 describesrelatedwork andsection6
presentsfuturework. Finally, we presentconclusionsin
section7.

2. DesignGoals

Weproposeusingthefollowingdesigngoalsfor sen-
sornetwork protocols.

� Energy efficiency. As sensornodes are battery-
operated,protocols must be energy-efficient to
maximizesystemlifetime.� Accuracy. Obtaining accurateinformation is the
primaryobjectiveof asensornetwork, whereaccu-
racy is determinedby thegivenapplication.There
is a trade-off betweenaccuracy, latency andenergy
efficiency. In theapplicationswetarget,it is accept-
ableto have informationwith low accuracy about
sensorsthatarefar away, whereassensorsthatare
closeby shouldhave highly accurateinformation
about eachother. Becauseof non-uniform infor-
mationdissemination,a givensensorwill not have
all the informationfrom all othersensorsat every
point in time. Considera casewheresensor
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curacy in termsof thedifferencebetweenactualin-
formationandstaleinformation.� Scalability. Scalabilityfor sensornetworks is also
a critical factor. For large-scalenetworks, proto-
cols shouldbe distributed. A protocol should be
basedonlocalizedinteractionsandshouldnotneed

global knowledgesuchas currentnetwork topol-
ogy.

With thesedesigngoals in mind, in this paperwe
presentsimple deterministicprotocols (Filtercast and
RFiltercast)and non-deterministicprotocols(unbiased
andbiasedprotocols)to achieve non-uniforminforma-
tion dissemination.Comparedto flooding, thesepro-
tocols reducethe cost of communicationby reducing
the numberof packet transmissionsandreceptions.At
the sametime, theseprotocolsaredesignedto operate
within theapplication-specifictolerancein termsof ac-
curacy. Our resultsindicatethat theseprotocolsoutper-
form flooding in termsof energy efficiency—thetrade-
off betweenenergy andaccuracy is resolvedin favor of
energy while keepingtheaccuracy acceptableby theap-
plication.Thenext sectiondescribesthedetailsof each
of theseprotocols.

3. DisseminationProtocols

This sectionintroducesthe mechanismsof several
protocolsthatperformnon-uniforminformationdissem-
ination. Similar to traditional sensornetworks, every
nodein the network servesasa sourceof information
to bespreadthroughoutthenetwork. Unlike traditional
networkswherea specificnodeservesasthesinknode,
every nodein our systemreceivesandstoressomein-
formationaboutthestatusof theothernodesin thesys-
tem.

We begin our protocoldiscussionwith a traditional
floodingalgorithm.Floodingachievesuniform informa-
tion dissemination,andservesasa baselineof compar-
ison for the rest of our protocols.Following this, we
introducetwo new deterministicprotocolsandanalyze
two non-deterministicprotocols[10].

3.1. Traditional Flooding

In flooding, a sensorbroadcastsits data,and this is
received by all of its neighbors.Eachof theseneigh-
bor sensorsrebroadcaststhe data,andeventuallyeach
sensorin the network receivesthe data.Somememory
of packets is retainedat eachsensorto ensurethat the
samepacket is not rebroadcastmorethanonce.If each
sensorbroadcastsits data,thenwith this floodingproto-
col, every sensorin the network will receive datafrom
every othersensor. Thus, ignoring distribution latency,
which is the amountof time requiredfor a packet to
travel from the sourceto the farthestsensorin the net-
work, every sensorhasanidenticalview of thenetwork
ateverypoint in time.

While it is possiblefor somenumberof packetsto be
lostdueto collisionsor transmissionerrors,therebroad-



castingof every packet by all sensorsintroducesa cer-
tain degreeof redundancy to the system,making it ro-
bustto lost packets.If we ignorethis possibledataloss,
everysensorhasessentiallythesamehighaccuracy data
from everyothersensorin thenetwork.Furthermore,the
protocol itself is simple and straightforward to imple-
ment.

Unfortunatelythesimplicity andhighaccuracy come
atthepriceof highenergyexpenditure.Themassivedata
replicationrequiresactive participationfrom every sen-
sorin thenetwork, andthussensorscanquickly run out
of energy.

3.2. Deterministic Protocols

In analyzingthefloodingalgorithm,it is apparentthat
to achieve non-uniforminformationdissemination,the
first approachis to simply transmitfewer packets.The
two protocolswe introducehere,FiltercastandRFilter-
cast,achieve just thatby deterministicmeans.

3.2.1. Filter cast As the namesuggests,Filtercastfil-
tersinformationat eachsensoranddoesnot transmitall
the informationreceived from othersensorsin the net-
work.Filtercastis basedonasimpleideaof samplingin-
formationreceivedfrom a givensourceat a certainrate
� , specifiedasaparameterto theprotocol.Thelowerthe
valueof � , the moreaccuratethe informationdissemi-
natedby the protocol.When ����� , Filtercastbehaves
identically to flooding.During protocoloperation,each
sensorkeepsa countof the total numberof packets it
hasreceivedsofar from eachsource,� �"!$#&%('&)�* � . A sen-
sorforwardsapacketthatit receivesfrom �+�"!,#&%(' only if
�-� �"!,#&%('&)�* �/. �&01���2�3�4� , thenincrements� �"!$#&%('&)�* � .
We refer to the constant�"5&� asthe filtering frequency.
The intuition is thatasthe hopcountbetweena source
andasinknodeincreases,theamountof informationre-
disseminateddecreasesdueto thecascadingeffectof the
filtering frequency at eachsubsequentsensor.

While this reducesthetotal numberof transmissions
comparedto flooding, thestateinformationmaintained
at eachsensorincreases.Specifically, eachsensormust
maintaina list of all thesourcesit hasencounteredfrom
the start of the applicationand a count of the number
of packetsseenfrom eachof thesesources.As this in-
creaseslinearlywith thesizeof thenetwork, it maypose
somescalabilityproblems.

3.2.2. RFilter cast Onepotentialproblemwith Filter-
castis thesynchronizationof thepacketstransmittedby
theneighbors.Our intuition is thatif wecanremovethis
redundancy, we maybeableto increasetheaccuracy of
theprotocolwithout increasingtheenergy expended.

This idea leadsdirectly to a new protocol we refer
to asRFiltercast,or RandomizedFiltercast.In this vari-

ant of Filtercast,the filtering frequency
�
* is still the

samefor all sensors,but eachsensorgeneratesa ran-
domnumber# between�7686869� andretransmitsa packet
if �-� �"!,#&%('&)�* ��. �&0:����;<#:�3��� . Intuitively, thismeans
thateachsensorconsidersa window of size � andwill
transmitonly oneof thepacketsfrom a givensourcein
thiswindow. So,for awindow of size = , half of thepack-
etswill beselectedfor re-transmission,but insteadof al-
waysretransmittingthefirst of thetwo packets,thesen-
sorsthatchoose#1�>� will transmitthefirst of thetwo
packetswhile thesensorsthatchoose#?�@� will trans-
mit thesecondof thetwo packets.

While our intuition wasthat the sameenergy would
be expendedby RFiltercastas for Filtercast,this turns
out not to be true. In fact, RFiltercasttransmitsmore
packetsthanFiltercast,but fewer thanFlooding,putting
its energy expenditurein betweenthe two. While RFil-
tercasthasmoretransmissions,increasingits energy ex-
penditure,it alsohasimprovedaccuracy overFiltercast.
The crucial point to extract is that RFiltercastshould,
onaverage,propagateinformationfasterthanFiltercast,
leadingto moreaccuratedatathroughoutthe network,
but RFiltercastwill requirelessenergy 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 describeseveralprobabilisticpro-
tocols. In theseprotocols,when a sensorreceives a
packet, it choosesa random number and then de-
cideswhetherto forwardthepacket or not basedon the
numberchosen.Theprobabilisticprotocolscanbeclas-
sified into two categories,namelybiasedandunbiased
protocols.In the biasedprotocol,sensorsbiastheir de-
cision aboutwhetherto forward a packet basedon the
location of the source,wherepackets from closesen-
sorsaremorelikely to be forwardedthanpacketsfrom
distant sensors.In the unbiasedprotocol, all pack-
etsareforwardedwith equalprobability.

3.3.1. UnbiasedProtocol The notion of usingproba-
bilities to flood packetsthroughouta network hasbeen
studiedpreviously, but to thebestof our knowledge,no
studiesexist thatexploreits applicabilityto applications
with non-uniforminformationgranularityrequirements.
Similar to thedeterministicprotocols,theunbiasedpro-
tocol also takes a parameterthat affects the accuracy
of the forwarding.In this case,the parameterspecifies
theprobabilitythatapacketshouldbeforwarded.In the



caseof unbiasedprotocols,this value is the samefor
eachincomingpacket.

The main advantageof this protocol is its simplic-
ity and low overhead.As every packet is forwarded
only with a certainprobability, the protocol resultsin
lesscommunicationcomparedto flooding(whenthefor-
wardingprobabilityis lessthan1) andthusit canbeen-
ergy efficient.Also, theprotocolhaslessoverheadcom-
paredto thosepreviouslydescribedin thispaperbecause
it doesnot requiresourceinformationto bemaintained.
Also, the packet forwardingcriteria is very simpleand
requiresno complex operations.Therefore,this proto-
col hasthepotentialto scaleverywell.

To adjusttheaccuracy of theinformationthroughout
thenetwork, theforwardingprobabilitycanbetunedac-
cordingto the applicationneeds.The primary tradeoff,
however, is energy for accuracy. In general,as the for-
warding probability increases,the behavior converges
towardflooding.While ourcurrentstudyconsidersonly
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 thedis-
tancethe packet hastraveled sinceleaving the source
sensor. In otherwords,if asensorreceivesapacketfrom
a closeneighbor, it is more likely to forward this than
a packet received from a neighbormuch fartheraway.
To estimatedistancebetweensensors,a sensorexam-
inestheTTL (time-to-live)field containedin thepacket.
If we assumeall sensorsusethe sameinitial TTL, we
canusethecurrentTTL to adjusttheforwardingproba-
bility for eachpacket.

Themotivationfor usingTTL is two-fold. First, it in-
dicatesthe distancebetweentwo sensorsin termsof a
hopcount.In mostscenarios,thiscanbeusedasarough
approximationfor physicaldistance,andthereforeis a
valid metric for biasingour forwardingapproach.Sec-
ond,estimatingdistanceusingTTL hasnegligible over-
head.The computationis straightforward,andbecause
a sensormustdecrementtheTTL field beforeforward-
ing the packet in any case,thereis no additionalover-
headto extract the TTL information from the packet.
However, note that TTL doesnot always indicate the
exact distancebetweentwo sensors.For example,con-
sider a sourcenode

�
and a destinationnode A . It is

possiblethat either due to congestionor collisions, a
packet getsdroppedalongtheshortestpathandanother
packet reachesnode A via a longerroute.In that case,
the TTL would give a falseestimateof distance.How-
ever, in astaticnetwork,nodeA canalwaysmaintainits
currentestimateof theTTL to node

�
. If it everreceives

a packet from
�

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

Similar to theunbiasedprotocol,this biasedprotocol
requiresno additionalstorageoverheadand the proto-
col itself is completelystateless(note,however, thatthis
doesnot eliminatethecachingof recentlyseenpackets
in orderto avoid re-broadcastingthesamepacketmulti-
ple times).Therefore,this protocolscalesverywell.

4. Experimental Study

In orderto analyzetheprotocolsdescribedin thepre-
vioussection,wehavedevelopedanevaluationenviron-
mentwithin thens-2discreteeventsimulator[7] andim-
plementedall of theprotocols.Table1 liststhemajorpa-
rametersusedduringoursimulations.

Simulationarea BC�D�FEGBC�D� .
	

Transmissionrange � �D� .
Initial-Energy �+�C�D�C�IH
MAC Protocol BC�C=�6J�D�
Bandwidth �LKNM�OP�
TransmitPower �Q6 RCRD�TS
ReceivePower �Q6 UCVCWLS
Idle Power �X6 �YS
Numberof Nodes �+�C�
Table 1. Simulation parameters.

We considertwo sensordeploymentstrategies:uni-
form and random.In a uniform deployment strategy,
sensorsare distributed with some regular geomet-
ric topology (e.g., a grid). With randomdeployment,
sensorsare scatteredthroughout the 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 order to simulatesensorreadings,we divide the
simulation into an initialization phaseand a report-
ing phase.During the initialization phase,each sen-
sor choosesa randomnumberbetween � and �+�C� to
serve as its initial sensorreading.During the report-
ing phase,eachsensorincrementsits readingby a fixed
amountat fixed intervals.In the real world, dueto cor-
relation amongphysically co-locatedsensors,sensors
mighthaveaslightly differentreadingpattern;however,



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

4.1. Traffic Load Study

This study focuseson evaluating the effect of a
changein traffic load for bothgrid andrandomtopolo-
gies.In thefirst setof experiments,we studytheeffect
of varying traffic loads systematicallyfrom W pack-
ets/secto � packet/ = sec.Thegoalof theseexperiments
is to understandthe relationshipbetweenaccuracy, re-
portingrate,andnetwork capacityfor bothuniform and
non-uniformdisseminationscenarios.

Note that in orderto calculateaccuracy, we find the
differencebetweenasensor’s local view of anothersen-
sorandtheactualvalueof thatsensor. A view is essen-
tially the latestdatapoint that onesensorknows about
anothersensor. This view is thennormalizedbasedon
distance.The error matrix ' .[Z for a givensensor

�
Z is

givenas:

' .[Z �]\_^a` *cbed9f^hg
� �"5"�i\ *j

g
�ek M(�l��mn� � Z �o;pmn� � j �h��q/r Z

j
(1)

r Z
j �N�&5&' !P%(0D���+
(� � Z�s

� j � (2)

Thefist equationshowsthatfor agivensensorwecal-
culateweightedaverageerroracrossall ranges.Wevary
therangein termsof distancewith astepsizeof 100me-
ters.That is, first we calculatetheweightedaverageer-
ror for agivensensorwith respectto all sensorswithin 0
metersfrom it, where0 is variedfrom 100to 600meters.
Also notethatEuclideandistanceis usedastheweigh-
ing factorsothatthehigherthedistance,thesmallerthe
contributionof errortowardoverallerror. Thiserrorcal-
culationdescribesour non-uniformdatadissemination
requirementby giving higherweight to errorsfor data
thatoriginatedin acloseneighborhoodandlowerweight
to errorsfor datathatoriginatedfrom adistantsensor. It
is worth noting that althoughwe refer to this aserror,
becausethevalueof thedataat thesourceincreaseslin-
early, it alsorepresentstheaccuracy of thedata.

Our resultsindicatethatwith flooding,congestionis
a severeproblem,andotherprotocolsarelessproneto
the congestionproblem.From the energy-error trade-
offs study, we canseethat flooding is the leastenergy
efficient protocol and hasthe highesterror if the net-
work is congested.RFiltercastand the biasedprotocol
aremoreenergy efficient thanflooding,andprovidelow
errorin mostcases.Filtercastandtheunbiasedprotocol
are the mostenergy efficient protocols,but their accu-
racy 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 Figures1, 2, 3, and4 show the
performanceof Flooding,Filtercast,RFiltercast,andthe
biasedandunbiasedrandomizedprotocolsundervari-
oustraffic loadsfor the grid topology. In thesegraphs,
distanceis variedacrosstheX-axis (in stepsof 100me-
ters)andtheY-axisshowsmeanerror.

From Figure 1, where the data rate is W pack-
ets/sec,we can see that even though theoretically
floodingshouldhave no error, dueto congestion,flood-
ing has the highest error. This is due to the fact
that if the total traffic exceedsthe network capac-
ity, congestion causespackets to be dropped and
this gives rise to loss of information and high er-
ror. At the sametime, high traffic results in higher
collisions.In this situation,evenRFiltercastandthebi-
asedrandomizedprotocolresultin high traffic loadand
thusthey have high erroraswell. However, bothFilter-
cast and 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-
creases,resultingin non-uniforminformationacrossthe
network.

When the sendingfrequency is changedto = pack-
ets/sec,as shown in Figure 2, flooding the network
still causescongestionand thus flooding hashigh er-
ror. However, now for both RFiltercastand the biased
protocol,theloaddoesnot exceedthenetwork capacity
andtheirperformanceis betterthanin thepreviouscase.
Also, notethat now thesetwo protocolsperformbetter
in termsof errorratethantheunbiasedprotocolandFil-
tercastbecauseof thefactthatthey disseminatemorein-
formationyet theinformationdisseminateddoesnotex-
ceedthenetwork capacity.

When the sending frequency is lowered to �
packet/sec,as shown in Figure 3, then even flood-
ing doesnot exceednetwork capacity. Since the net-
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work is no longer a bottleneck,flooding disseminates
the maximuminformationsuccessfullyandclearly has
the lowesterror. Both the biasedandRFiltercastproto-
cols performbetterthanthe unbiasedprotocolandFil-
tercast.The unbiasedprotocol and Filtercasthave the
highesterror in this casebecausethey do not dissem-
inate as much information as the other protocols.The
sametrend continueseven for the lowest sendingfre-
quency, shown in Figure4.

The interestingpoint abouttheseresultsis theoscil-
latory phenomenonin energy-errortrade-off. To elabo-
ratefurtheron this, if thetotal dataexceedsnetwork ca-
pacity, thenany furtherdataonthechannelwill increase
congestionanddecreaseoverall lifetime of thenetwork.
Whentheamountof datatransmittedis below network
capacity, thenthereis a trade-off betweenenergy spent
andaccuracy observed.Thisis becauseaslongastheto-
tal datadoesnotexceednetwork capacity, sendingmore
datawill improve accuracy at the costof energy spent
in communication.However,with non-uniforminforma-
tion granularity, accuracy betweentwo sensorsis pro-
portionalto distancebetweenthem.Therefore,RFilter-
castandFiltercasttry to achievethisby filtering packets
andrandomizedprotocolstry to achieve this by proba-
bilistically forwardingpackets.

Figure 5 shows the trade-off betweenenergy and
weighted error, using the weighted error calculation
methoddescribedin Eqns.1 and2. In Figure5, theX-
axis indicatestheenergy spentin JoulesandtheY-axis
showsmeanerror.

For flooding,whenthereportingfrequency ishighest,
the energy spentis maximum.However, asmentioned
earlier, congestionand collisions causehigh error. As
the sendingfrequency decreasesto the point that total
traffic doesnot exceednetwork capacity, the error also
decreases.Floodingperformsthebestin termsof accu-
racy (minimum error) whenthe sendingfrequency is �



packet/sec;afterthis rate,theerrorstartsincreasingdue
to the fact that not enoughinformation is propagated.
This is an interestingphenomenon,wherethe error os-
cillatesbetweenthesetwo bounds.The upperboundis
a function of the network capacity, whereasthe lower
boundis a functionof theapplication-specificaccuracy.
Previousresearchhasalsoshown thisphenomenon[11].

Basedon the energy-errortrade-off, we cansaythat
at high sendingfrequency, flooding performsthe worst
by spendinghigh energy while not providing accurate
information(higherror).RFiltercastandthebiasedpro-
tocol startperformingbetterthanfloodingat high rates.
Thereis a considerabledifferencebetweenenergy and
error for RFiltercastandthe biasedprotocolcompared
to flooding at the sendingfrequency of = packets/sec.
As one can anticipate,flooding performs better than
all other protocols when the sendingfrequency is �
packet/sec,but note that there is not much difference
betweenflooding, RFiltercastand the biasedprotocol
evenwhenthenetwork isoperatingin thenon-congested
mode.Filtercastandtheunbiasedprotocolperformbest
in termsof energy and error at high sendingfrequen-
ciesandtheirperformancestartsto degradeasthesend-
ing frequency is reduced.

Thedesirablemodeof operationfor a protocol is in
the region whereminimumenergy is spentandlow er-
ror is observed.Notethatthedesiredmodeof operation
for a protocoldependson factorssuchasnetwork den-
sity, transmissionrangeof the radios,etc. In our future
work,wewill performananalyticalstudyto addressthis
issue.FromFigure5, this zonelies aroundsendingfre-
quency = packets/secto � packet/secfor RFiltercastand
thebiasedprotocol,whereasfor floodingit lies at send-
ing frequency � packet/sec.

Onemightaskthequestion:with floodingat sending
frequency � packet/sec,if lessenergy is spentandlower
error is achieved than with RFiltercastand the biased
protocol at frequencies= packets/secor � packet/sec,
then why not just usethe flooding at the low sending
frequency?Theansweris thatthischoiceis application-
specific,asin thatregion theenergy/errordifferencebe-
tweenflooding andRFiltercastandthe 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 as the net-
work sizeincreases,floodingcanposesevereproblems
in termsof scalabilityandenergy efficiency. Therefore,
randomizedprotocolsshouldbeconsideredasviableal-
ternativesin thesecases.In our experimentationwe had
a network of 100 sensors,but with a network of thou-
sandsof sensorswe believe that randomizedprotocols
will performmuchbetterthanflooding.

With randomizedprotocols,thebiasedprotocolper-
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Figure 6. Random: Average error as a
function of distance with data rate 5 pack-
ets/sec.

formsthebestby spendingmoderateenergy andgetting
high accuracy. Our resultsshow thatrandomizedproto-
colscanachieve high energy savingswhile at thesame
timeachieving acceptableaccuracy with almostnoover-
head.Also note that RFiltercastand the biasedproto-
col havealmostequivalenterrorcurveswhile thebiased
protocolis moreenergyefficientandhasnegligibleover-
head.

We believe thata randomizedprotocolwith very lit-
tle overheadcanbe seenasan attractive alternative for
flooding or other protocolswith large overhead.How-
ever, in all cases,theissueof acceptableaccuracy should
beresolvedin anapplication-specificway.

4.1.2. RandomTopology Figures6,7,and8 show our
resultswith arandomtopologyandthesametraffic loads
asbefore.Due to spacerestrictions,we arenot adding
the resultswith sendingfrequency 2 packets/ secand
theenergy-errortrade-off study, but they show a similar
trendto thatof thegrid topology. It is not clearwhether
regulardeploymentwill offeradvantagesoveruniformly
distributedrandomdeployment; if it doesnot, random
deploymentis preferablebecauseof its low cost.

4.1.3. TransmissionRange Wenow changethetrans-
missionrangeof a sensorfrom theoriginal valueof �+�C�
metersto �"Wc� meters.Weusethe �+� x �+� grid topologyin
this experiment.The effect of the increasein transmis-
sionrangecorrespondsto anincreasein thedegree(con-
nectivity) of a sensor. This resultsin decreasingtheca-
pacityof thenetwork, meaningcongestionoccurseven
at low sendingfrequencies.Intuitively, this will make
the overall situationworseif the network is operating
in a congestedmode.This canbeseenfrom our results,
in Figures1 and9, asthereis an increasein overall er-
ror for Flooding,RFiltercastandtherandomizedproto-
cols.
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Figure 7. Random: Average error as a
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Figure 8. Random: Average error as a
function of distance with data rate 1
packet/2 sec.

In this case,even at the low sendingfrequency of �
packet/secshown in Figure 11, flooding doesnot per-
form well dueto network congestion.Previously, when
the transmissionrangewas �+�C� meters,flooding per-
formed well at this sendingfrequency (seeFigure 3).
However, whenthenetwork isnotcongested,thendueto
the higherconnectivity andshorteraveragehop length,
theaverageerrordecreases.For example,for RFiltercast
andthebiasedprotocol,whenthesendingfrequency is
� packet/sec,then the maximumabsoluteerror values
with a transmissionrangeof � �D� metersare �X6 t and �X6 R
respectively, as shown in Figure 3. With the transmis-
sionrangechangedto �"Wc� meters,Figure11 shows that
the maximumabsoluteerror for RFiltercastandthe bi-
asedprotocolchangesto �X6u=&t and �X6u=&t respectively.

Similarly, all theprotocolshave low errorvaluesat a
sendingfrequency of � packet/ = secwhenthetransmis-
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Figure 9. Tx=150 m: Average error as a
function of distance with rate 5 pack-
ets/sec.

sion rangeis � Wc� meters,asshown in Figure12, com-
paredto the oneswith � �D� meterstransmissionrange,
shown in Figure4.

Overall from theseresults,we canconcludethe fol-
lowing: in thecaseof applicationsthatcanexploit non-
uniforminformation,protocolscanbedesignedto make
efficient useof the available bandwidthwhile provid-
ing the necessarylevel of accuracy. Generally, RFil-
tercastoutperformsFiltercastwhen the network is not
congested.Also, naive, randomizedprotocolssuch as
theunbiasedprotocol,outperformspecializedprotocols
suchas Filtercast.This is becausein generalwith the
randomizedprotocolsor thedeterministicprotocols,the
total datathat is transmittedremainsundernetwork ca-
pacityevenfor highsendingfrequenciesandat thesame
time theseprotocolstransmitdataby droppingpackets
for far away sensors.In our setting,sinceaccuracy is
a function of distance,the errorsfor far sensorscount
lessand overall theseprotocolsperform well. The bi-
asedrandomizedprotocolhascomparableperformance
to thatof RFiltercast.NotethatbothFiltercastandRFil-
tercasthave someoverheadto maintainthe sourcelist
andthecountof how many packetsa givensourcenode
hastransmitted.On theotherhand,therandomizedpro-
tocolsrequirenosuchmaintenance.Webelievethatran-
domizedprotocolswith intelligent adjustmentsof for-
wardingprobabilitiescanbeconsideredasthemostef-
ficientalternative for non-uniformdatadissemination.

5. RelatedWork

Recently, sensornetworks have drawn a consider-
ableamountof attentionfrom the researchcommunity.
A numberof routing/dataaggregationapproacheshave
beenproposed[2, 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 data processing,and
no in-networkprocessingis done.(2) Sensorsdo some
in-network dataprocessingsuchasdatafusionandthis
high level datais sentto thecentralbasestation.In our
case,however, we do not assumethe presenceof any
suchbase-stationandthe sensorsdisseminateinforma-
tion amongthemselvesso that the usercanconnectto
any of the sensorsto extractnetwork information.This
comesfromourtargetapplicationdomaindescribedpre-
viously.

Otherstudiesconsideredspecificsensornetwork ap-
plications and their implication on protocol design.
Cerpa et al. [1], have consideredhabitat monitor-
ing and have designedprotocols to match the appli-
cation need. Heinzelmanet al. [3], describedadap-
tive protocols for information dissemination.In this
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Figure 12. Tx=150 m: Average error as a
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sec.

work, to save energy, sensorssend out advertise-
mentsfor data they 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-
mationdissemination.The primary differencebetween
our work andexisting work is the applicationrequire-
ment. In our study, we focus on a new application
requirement,non-uniform information, and try to an-
alyze protocols for this classof applications.To the
best of our knowledge, this is the first paper to fo-
cuson this issue.

In the DREAM [8] routing protocol, routing tables
are updatedbasedon the distancebetweentwo nodes
andthe mobility rateof a given node.While this work
hasa similar flavor to our work, exploiting non-uniform
informationneeds,it is limited to only adjustingrout-
ing tablesanddoesnot apply to the actualdatathat is
exchangedbetweentwo nodes.

In this paperwe have consideredflooding as one
of the alternativesfor datadisseminationin sensornet-
works.However, floodingandits alternativeshave also
been explored in the context of mobile ad hoc net-
works. Perkinset al. describeIP Flooding in ad-hoc
networks [4]. While this paper considersprobabilis-
tic flooding protocols for sensornetworks, Sassonet
al. have studiedprobabilisticflooding for ad hoc net-
works [12] andusedthe phasetransitionphenomenon
asabasisto selectthebroadcastingprobability.

6. Future Work

At present,oursimulationresultsarelimited to static
networks.It would beinterestingto evaluatetheperfor-
manceof theseprotocolsin networkswith mobile sen-



sors,which resultin a continuouslychangingtopology.
The interestingquestionis: cana stateful,deterministic
protocoladaptquickly to network dynamics?If not,then
how well do thestateless,randomizedprotocolsbehave
with dynamicnetworks?Wewouldalsoliketo developa
priority-basedprotocolwhereasourcemarksall its out-
goingpacketswith certainprobabilityto indicatetheim-
portanceof informationcontainedin the given packet.
Any forwardingnodecanconsiderpriority in thepacket
whenmakingits forwardingdecision.It would beinter-
estingto comparethis protocolwith theprotocolseval-
uatedhere.

At present,thedatamodelconsistsof increasingval-
uesof samples.In our future work, we would like to
usea modelwheresamplevaluesarerandomvariables.
With thisrandomizedmodel,wecanexploreotherinter-
estingmetricssuchasreactivenessto events.

In this paper, thedistancebetweentwo nodesis used
asa parameterfor non-uniformdatadissemination,and
wepresentapplicationssuchasabattlefieldscenarioasa
motivatingapplication.However, in our futurework, we
wouldliketo focusonabroadrangeof applicationswith
a non-uniforminformation disseminationrequirement,
wherefactorsotherthandistancebetweentwo nodescan
beused.

7. Conclusion

Themainobjectivesof thispaperareto preciselyde-
fine non-uniform information granularity, and to both
describeand analyzea set of protocols that achieve
non-uniforminformationdissemination.We have eval-
uatedthe performanceof both deterministic(Filtercast
andRFiltercast)andnon-deterministic(unbiasedandbi-
ased)protocolsundervarioustraffic loadsandtransmis-
sion ranges.With flooding, congestionappearsto be a
limiting constraintand further, flooding is not gener-
ally energy-efficient. Our resultsindicatethat the per-
formanceof RFiltercastandthebiasedrandomizedpro-
tocol is almostequivalent.RFiltercastrequireseachsen-
sor to maintainsomeextra stateinformation,whereas
the biasedrandomizedprotocol is completelystateless
andhasnegligible overhead.Also, we notethat theper-
formanceof Filtercastandtheunbiasedrandomizedpro-
tocol is almostequivalent.Again,therandomizedproto-
col is completelystatelessandhasnegligible overhead,
while Filtercastrequireseachsensorto maintainsome
stateinformation.

We believe that randomizedprotocolscanbe attrac-
tive alternativesto flooding when �+�D�wv distribution of
information is not neededby the application. Over-
all, randomizedprotocolshave lesscomplexity andare
veryenergy-efficient.Furthermore,for randomizedpro-

tocols one can adjust the forwarding probabilities in
application-specificways to make the energy-accuracy
trade-off acceptableto theapplication.
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