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Abstract

In sensornetworkswe aim to achieve global objectives
through local decisionsat ead node basedonly on data
availablein the nodes neighborhood.In this paper we dif-
fuse information away from source nodesholding desiied
data,soasto establishinformationpotentialghat allow net-
work gueriesto navigatetowards and read thesesources
throughlocal greedydecisions following information gra-
dients. We computetheseinformation potentialsby solving
for a discreteapproximationto a partial differentialequation
over appopriate networkneighborhoodsthrougha simple
local iteration that can be executedn a distributedmanner
andcanbere-invokedto repair theinformation eld locally
whenlinksfail, sourcesmove etc. Thesolutionsto thisequa-
tion are classicalharmonicfunctions which havea rich al-
gebraic structue and manyusefulproperties,including the
absencef local extrema,providing a guaranteethat our lo-
cal greedynavigationwill notget stud.

Unlike shortestpath trees, which can also be usedto
guide queriesto sources,information potentialsare robust
to low-level link volatility asthey re ect more global prop-
erties of the underlyingconnectivity By exploiting the al-
gebraic structure of harmonicfunctionssud potentialscan
be combinedin interestingwaysto enablefar greaterpath
diversity andthusprovide betterload balancingthanis pos-
sible with xed tree structues, or they can be usedto an-
swerrange queriesaboutthe numberof sourcesin a cer
tain regionshy simplytraversingthe boundaryof theregion.
Potentialsfor multiple informationtypescan be aggregated
and compessedusing a variant of the g-digestdata struc-
ture. The paperprovidesboth analytic resultsand detailed
simulationssupportingtheseclaims.

Keywords: Information Gradients,HarmonicFunction,
Data-centridRouting,SystemDesign

1. Intr oduction and Moti vation

Recentadwancesin wirelesssensometworks reveal the
potentialof suchembeddedetworked systemsfor revolu-
tionizingthewaywe obsenre, interactwith, andin uencethe
physicalworld. Early applicationson distributeddatacollec-
tion systemshave alreadyidenti ed the advantagef inex-
pensve networked sensorsver moretraditionalcentralized
sensingsystemsAs technologiebecomeanatureandassen-
sornetworksgrow largein sizeandbecomenter-connected,
we expectthat sensometworks will move beyond military
deploymentsand the monitoring of animalor other natural
habitatsto the placeswherehumanswork andlive: homes,
cars,buildings, roads,cities, etc. Note thatin thesehuman
spaces sensometwork senesusersembeddedn the same
physical spaceasthe network, nota communityof scientists
remotefrom the obsenationsite. Furthermorethereis often
the needto deliver relevant information with very low la-
tengy, in orderto allow usergo actin atimely manneyasfor
examplewith rst responderfn disasterecovery scenarios.

In thiswork we explorethe potentialof usinganetwork of
embeddedensorgo aid informationdiscovery andnaviga-
tion througha dynamicervironment.Thisincludesthenavi-
gationof paclets(answeringuserqueriefrom ary node),as
well asthenavigationof physicalobjectspeopleor vehicles)
moving in the samespace— suchasuserswith hand-held
devicescommunicatingvith nearbysensonodedo getreal-
time navigationinformation. For exampleroad-sidesensors
canmonitor local traf c congestion;empty parking lots in
downtown areascanbe detectecandtracked by sensorsle-
ployed at eachparkingspot. A real-timenavigation system
in sucha dynamicernvironmentis quite useful— for nding
an emptyparkingspot,for guiding vehiclesto roadexits in
anemegeng, for divertingcarsto alleviate andavoid traf c
jams, etc. The embeddedsensorssene two purposes:dis-
covering/detectinghe eventsof interest(e.g.,a parkingspot
is left empty); and forming a supportinginfrastructurefor
usersto navigatetowardsor aroundandact on the detected
events. In this setting,the eventsof interestor the destina-



tionsto which the userswantto navigateto aremodeledas
souicesandtheusergor thenodesn whichthequeryis gen-
eratedyaremodeledassinks

Theseemeping applicationscenarioshave a few char
acteristicsthat differentiatethem from traditional scienti ¢
monitoring applications. First, the ervironmentcanbe dy-
namic: parking spacesare freed up or occupiedover time;
roadconditionsarechangingat differentperiodsof the day.
Thus the navigation systemneedsto accommodateghese
ervironmentalchanges. Second,an event of interestmay
emepge arywherein the network anda nodetypically does
not have prior knowledgeof whenandwherethe eventmay
appearThird, adatasources oftenof themostinteresto the
usersn its immediateneighborhoodFor example,carsnear
atraf c jammaylook for navigationsuggestionso avoid the
jammedarea;or anemptyparkingspacss of themostvalue
to carswithin afew blocks. Fourth,multiple queriesmaybe
ariseatonceseekinghesamesourceasin disasterecovery.
Fifth, unlike scienti ¢ monitoringapplicationgn which data
is gatheredto the basestationfor postprocessingat a later
time,in thesescenariogow lateng in answeringyueriess a
major quality-of-servicerequirement.

Theseapplicationcharacteristicand nev QoS require-
mentsdemanda radically differentsystemdesignfor infor-
mationdiscovery androuting. Existingwork hasfocusedon
infrequentqueriesof long duration(i.e., for streamingdata).
Thusinformationdiscovery phasetakesa reactve approach
and allows the querynodeto ood its interestsin the net-
work searchingor relevantdata[11]. Dataaggreationcan
alsobe performedon the way backto the sink [19]. Little
preprocessing done;asaresultinformationdiscorery may
requirehigh delay To avoid ooding, a logical brokerage
structurecan be imposedin the network, enablingqueries
to rendez-wuswith datain the network. For example,ge-
ographicalhashtables[22] usea content-basedhashfunc-
tion that mapsthe event type to a geographicalocationso
thatsensorsearthegeographicalocationstorethedataand
sene asrendervousfor later queries.But the separatiorof
the logical structurefrom the physical structureintroduces
awkwardtriangularrouting— ausermayneedto visit adis-
tantrendez-wous rst to learnthewayto thedatasourcegven
if thelatteris very close.Thisfurtherexacerbatesraf ¢ bot-
tlenecksatrendez-wusnodesholding populardata.

1.1.Overview

In this paperwe explore aninformationdiffusionscheme
that maintainsa potential eld and establishesnformation
gradientsin the entire network, or appropriateneighbor
hoodsof it, dependingon the application. Hints left on
sensomodeson the existenceof datasourceswill smoothly
guidequeriesor mobile userstowardsdesiredsources.The
constructiormandmaintenanceostsof theseinformationpo-
tentialsarejusti ed by andamortizedover the expectechigh
frequeng of queriesaboutthe datasources.As long asen-
vironmentalchangesoccurat a slower rate thanthe time it
takes to establishor repair theseinformation potentialsin

relevantsourceneighborhoodsyur mechanisnwill success-
fully guidequeriegto their destination.

Information-guidedoutinghasbeenexploredbeforeasa
scalableapproacHor settingswith highqueryfrequeny [3,6,
7,18,27]. Most of thesegradient-basedpproachegs, 6,7,18]
usethe naturalgradientsof physical phenomenasincethe
spatialdistribution of mary physicalquantitiesg.g.,temper
aturemeasurement®r heat,follows a naturaldiffusionlaw.
However, gradientdmposedby naturallaws canbefar from
perfectguides aswitnessedy theexistenceof localextrema
or large plateauregions,forcing information-guidedouting
to deteriorateo arandomwalk.

The novelty of our constructionis to createan arti cial
information potential eld thatis guaranteedo be free of
local maximaandminima. Speci cally, we mimic aninfor-
mation diffusion processby using harmonicfunctions[16].
A harmonicfunction ©(x) de ned in a domain- satis es
the Laplaces equationr 2©(x) = 0, familiar from the heat
equation.With boundaryvaluesspeci ed, a harmonicfunc-
tion is uniquely determined. In a discretesensometwork,
we can specify the potentialof a sourcenodeasthe maxi-
mum value' and constructthe potential eld for the restof
the nodesby solving for the harmonicfunction. This con-
structionis possibleby a simplelocal iterationon thenodes,
akin to gossipingwith one's neighbors.Harmonicfunctions
bring us a numberof bene ts, due to their nice algebraic
propertiesasshavn in thefollowing.

Support for local greedyrouting. Most importantly the
potential eld inducedby theharmonicfunctionhasnolocal
maxima On eachnon-sourcanodeu, our discreteharmonic
function© satis esa conditionanalogougo the meanvalue
propertyof continuousharmonicfunctions: ©(u) is the av-
erageof the © valuesof its neighbors.Fromthis it immedi-
ately follows that we cannothave a nodewith higherinfor-
mationstrengththanall of its neighborsunlesst is asource
node.Thustheinformationgradientssupportanef cient lo-
calroutingalgorithmby simply ascendinghe potential eld.
Thequerymessagesyr the physical objectsnavigatingwith
theinformationgradientswill in eachcaseeventuallyreach
the datasource/destinationf interest. The setof all links
from eachnon-sourcenodeto its neighborwith the highest
informationstrengthimplicitly de nesaroutingtreetowards
thesource.

Aggregatingcoherentgradients. Therich algebraigrop-
erties of harmonic function supportan efcient way to
aggreate gradientsfor different sources. For two data
types PAIDPARKINGLOT, FREEPARKINGLOT with infor-
mationstrengthelds, ©p and© , respectiely, we canuse
the summedvalue ©, + ©F to guide queriesthat search
for ary PARKINGLOT — eithera PAIDPARKINGLOT or a
FREEPARKINGLOT. By the de nition of harmonicfunc-
tions, ary nodethat doesnot detectPAIDPARKINGLOT or

IWe also x someothernodesge.g.,a few on the network boundaryas
having potentialO, to enforcean information gradientthroughoutthe net-
work. The nodeswith preassignegbotentialsform the Dirichlet boundary
conditionsfor the harmonicfunction.



FREEPARKINGL OT cannotbe alocal maximumof thefunc-
tion ©p + ©r . Thusqueriesfor arangeof datatypescanbe
guidedsimply by the sumof the individual potential elds
andwill eventuallyreacha sourcenodewithin the speci ed
range.More generallygradientaggreationcanbeexploited
to compresghe potentialsandsave storagespace We shav
how the g-digestdatastructureof [24] canbe usedto do so
for ary tree-structuredetof informationpotentialtypes.

Routing diversity and traf ¢ balancing. Bothin thecase
of navigation in the presenceof trafc jams, aswell asin
the caseof nding empty parking spacesmultiple queries
may simultaneoushaskfor navigation informationtowards
sourcesof the sametype (freewvay exits or empty parking
lots). Thusit is extremelyimportantto distribute evenly the
traf c amongthemultiple destinationg&ndalongthe pathsto
thesedatasources.If multiple queriesfollow the samepo-
tential eld for the samesource the routing pathsarelikely
to convergeasthey comenearthe source.This subsequently
introducedoad accumulatiorfor paclet routing, andtraf c
congestiorfor navigation of physical objects. But with har
monic potentials the queryfrom eachusercanchoosea set
f randomliinearcoefcients , ; andascendhepotential eld
i, 1©(si), where©(s;) is the potential eld for sourcei.
The linear combinationsof harmonicfunctionsarestill har
monic, thus eachqueryfollows its “personalizedpotential
eld towardsoneof the sourcesWe show thatthis will uni-
formly distribute the usersamongdifferentdestinationsand
furthermorespreadout the routing pathsthat the userstake
to thesedestinations.Suchrouting diversity andtrafc bal-
ancingcanbeappealingeaturesfor emegeng evacuation.

Answering counting range queries. A counting range
query asksfor the numberof sourcesinside a given (ar
bitrary) geographicalegion, suchasthe numberof empty
parting spotswithin a given setof blocks. With the poten-
tial eld, acountingrangequerycanbeansweredy simply
touring the boundaryof the rangeand summingup the dif-
ferenceof the potentialvaluesontheedgesacrosgheregion
boundary This summeddifferenceis preciselythe number
of sourcesn theinterior of therangeby thedivergence-free
propertyof harmonicgradientsand Faradays law of induc-
tion.

The information potentialsare particularly suitable for
sensometworks dueto their inherentrobustnesgo bothen-
vironmentalchangesaswell aswirelesslink dynamicsand
quality uctuations. This robustnessomesfrom a simple,
gossip-styldocal algorithmfor the potentialconstructionas
well asfrom the global propertiesof the harmonicpotentials
themseles.

Distrib uted gradient construction Thegradientconstruc-
tion is accomplishedy the classicalJacobiiteration. The
datasourcesx their valuesat the global maximumandthe
rest of the nodesiterate setting their value to the average
of thoseof their neighbors. The processstopswhen cer
tain local corvergencecriteriaare met. We remarkthatthis
constructionand maintenancealgorithmis completelydis-
tributedand "blind. A nodedoesnot needto know about

ervironmentalchangesor the emegence/disappearancd

datasourcesthus enablingthe algorithmto automatically
adaptto ernvironmentalandtopologicalchangeof the net-

work — the samereasonwhy gossip-stylealgorithmsare
favoredin dynamicnetworks. The constructionand main-

tenanceof thegradienteld is oftenwithin alocal neighbor

hood of the eventsof interest(thusreducingthe total com-

municationcost)andaimsto supportansweringalargenum-

ber of simultaneougjueriesin a certainregion surrounding
the source.Thusthe constructiorandmaintenanceostsare
amortizedover the subsequenjueries.

Robustnessto low-level link variations A standardwvay
to guide queriestowardsa speci ¢ nodein a network is to
build a shortespathtreerootedat thatnode— thatguaran-
teesgreedyrouting towardsthe root from ary node. Trees,
however, arefragile structures.A singlefailedlink candis-
connecthetreeandmale therootinaccessibldrom alarge
subsetof nodes. As we have discussedpur potentialsalso
de ne implicitly aroutingtreeto the source.However, each
nodeis notcommittedto asingleparent— rather thenodes
parentis only determinedvhenthequeryarrivesatthenode.
Of coursea classicalshortest-pathree can also be imple-
mentedin this fashion,by giving eachnode a “potential’
which is its hop countdistanceto the source. But the real
bene t of the harmonicpotentialss thatthey canbethought
of asnormalizedhop countswhich have beensmoothedria
theglobaleffectsof the Jacobiiteration. Dueto thediscrete-
nessn thehopcountde nition, link variationsandnodefail-
urescreatemary moreirregularitiesanddisturbance hop
countvaluesthanthosein the harmonicstrength elds. Ef-
fectively theharmonicpotentialcreatesa smooth mountain'
with a single peakat the source;almostall nodeson this
mountainsidearelik ely to have severalascendingneighbors,
andthusgreatercapacityto reachthesource . Therobustness
of the harmonicpotentialsover hop countsis supportedoy
simulationswe presentater on, aswell asby a theoretical
analysison link asymmetry This trick of smoothingout the
discretehop countsby a harmonicfunction canalsobe ap-
pliedin othersettingsvheresmoothvector elds of informa-
tion o w needto bemaintained25].

Lastly, we notethatothershave alsousedprotocolsmoti-
vatedby the solutionto partial differentialequationsn sen-
sornetworks. For example,[12-14,26] userouting basedon
anelectrostatipotential eld; butin thosepaperdheempha-
sisis on network capacityandnot on dynamicandef cient
informationdiscovery, thetopic exploredin this paper

We introduce harmonic information potentialsin Sec-
tion 2, and presenttheir main applicationsin Section3. In
Section4 we describea simplelocal methodfor computing
harmonigotentialsandupdatinghemaftersmallchangesn
network connectiity or sourcepositions.Section5 contains
experimentalevaluation by extensie simulation, aimed at
betterunderstandinghe suitability andperformancef these
techniques.



2. Harmonic Information Potentials

Before the formal descriptionof information potentials,
we introducethe following terminology The raw sensor
readingsareprocessedhto high-level events,which arecat-
egorizedinto a setof datatypes Thesedatatypesmightbe
chosenfrom a x ed universe,suchasthe parking spotsor
roadexits. Thenodesholdingdatawith a particulartype are
calledsources ThenodeghatsearcHor dataof thistypeare
calledsinks We explorein this sectioninformationdiffusion
schemedor pushinginformationaboutdatasourcesnto the
network, so asto later facilitateinformationdiscovery. We
establishaninformationpotential eld, thatindicatesthein-
tensity of the diffusedstrengthat any node,for an existing
datatype.

2.1.Harmonic functions

Thekey to ourinformationgradientschemes the notion
of harmonicfunctions Onadomain- p R?, a harmonic
function© is arealfunctionwhosecontinuoussecondartial
derivative satis esLaplaces equation[16]: r 2©(x;y) = 0.
If the value of the function is speci ed on all boundaries,
referredto asDirichlet boundaryconditions the solutionto
the Laplaces equationis unique.

A densesensometwork canbe viewed asa discreteap-
proximationof theunderlyingcontinuougjeometricdomain.
Givencertainboundaryconditions Laplaces equationn the
discreteform becomes

©(u) = v2N (1) ©(v) ;

1
aw”
whereu is anodein thediscretenetwork, N (u) is the setof
u's neighborsandd(u) denoteghe degreeof u. This natu-
rally leadsto arelaxationmethodfor computingthediscrete
harmonicfunction ©, namely the Jacobi iteration method
(alsocalledtherubberbandalgorithm). Eachnon-boundary
nodeperformstheiteration

1

k+ A
o (u) A aw)

§van (© (V)

where©K (u) is thevalueof nodeu in thek-th iteration. The
sourcesare x ed at a maximumpotentialvaluesay1l. We
also x someothernodes,typically nodeson the network
boundarywith informationstrengthO to enforcea gradient
throughoutthe network. The restof the nodesperformJa-
cobiiterationsto computetheinformationstrengtheld. The
Jacobiiterationmethodcorvergesto the harmonicfunction
with the pre-speci edboundaryalues.Figurel givessome
examplesof the strength elds with differentboundarycon-
ditions.

Thealgorithmcanbeintuitively understoody imagining
thatall the edgesin the network arerubberbands. Sources
or boundarynodesare pinnedat their x edvalues. The al-
gorithm corvergesto the minimum enepgy statewhereeach
nodeis placedat the centerof massof all its neighbors No-
tice thatin this iterative algorithmonly local neighborhood

Figure 1. Examplesof the potential eld. The boundaryconditionsare
speci ed asfollows. Top left: the centemodeis maximumandall perime-
ter nodesareminima,; Top right: maximumandminimumare x ed at two
internalnodes respectiely; Bottomleft: the centernodeis maximumand
4 cornernodeson perimetryare minima; Bottomright: two internalnodes
aremaximaandall perimetemodesareminima.

informationis neededsothatthealgorithmcanbeeasilyre-
alizedin adistributedsensometwork.

2.2.Information potential & greedyrouting

A solutionto Laplaces equationhasthe propertythatthe
averagevalue over a sphericalsurfaceis equalto the value
at the centerof the spherg(Gausss harmonicfunctiontheo-
rem). In otherwords, harmonicfunctionsareguaranteedo
befreeof localminimaor maximawithin thesolutionregion,
alsoreferredto asthe min-maxprinciple. Becauseof this
prominentproperty harmonidunctionshave beenappliedto
mary elds suchasrobotpath-planning4, 15], virtual coor
dinateconstructiorin sensometworks[21] andmary others.
Forapotentialfunctionwherethegoalisto nd thesourceby
local greedyrouting, the min-max principle ensureghat no
matterwherethe sourceandthe minimaarelocated,greedy
routingwill succeedstartingfrom ary node,by repeatedly
ascendingo the nodein the neighborhoodwith the greatest
informationstrengthwe areguaranteedo eventuallyhit the
source.

Theoretically the information gradientmay encountera
plateauregion, whereall the neighborshave the sameinfor-
mation strength. This may be due to saddlepointsin the
harmonicfunctionor to narrav neckssuchasbridgesin the
connectiity graph.Flatregionscausedyy saddlepointscan
be easily dealt with by local discosery. By searchingthe
local neighborhoodhrougheithera randomwalk or ood-
ing, we canreachanearbynon-stationarypointandcontinue
greedyrouting. Plateaugreatedy irregular network topol-
ogy suchas narrov bridgesor cuts can be avoided by the
placemenbf additionalboundarynodeswith minimum in-
formation strengthinside the plateauregions. Seealsothe
discussiorof thisissuein [25].

This schemecan be easily extendedto multiple sources
of thesametypeby simply xing the maximuminformation
strengthfor all the sourcenodesandrunningthe sameitera-
tive algorithmatall othernodes.Sinceall the maximain the
harmonicfunctionarerealizedon the boundariesa gradient
pathalwaysleadsto oneof thesources.



2.3.Linearity of information gradients

The rich algebraicpropertiesof harmonicfunctionsen-
ablea numberof possibilitiesfor aggreation andcompres-
sion of coherentdatatypes,aswell asnavigationin the po-
tential eld. Fortwo datatypese; ande, with information
strength elds, ©,, and©.,, respectrely, we canusethe
summatior® = | 10, + , 2©,, to guidequerieghatsearch
for eithere; or e, where, ;, » arepositive constantoef-
cients. It is easyto check,usingthede nition of harmonic
function, that © is the harmonicfunction underthe bound-
ary condition®©(w) = | 1@, (W) + , 2@, (W), Wherew is
a sourcefor e; or es. Hence®© cannothave local extrema
exceptatthe sourcenodesfor datatypee; or e;. In thenext
sectionwe will exploit this featureto achieve routing diver-
sity andgradientaggreation.

2.4.Robustnesso low-level link variations

In practice, wireless links can be asymmetric. Thus
we can model the network by a directed communication
graph. Following the same distributed protocol as in
the symmetric caseresultsin a potential function whose
value at ary node u is the averageof the valueswhich
u canreceive— thesecorrespondo u's incoming edges.

Of course, when
links are directed,not
every node is reach-
ablefrom ary other in
general. It is easyto
seethatthis canresult
in potential functions

Figure 2. Trivial potentialfunctionin a
large part of the network as a result of

poorconnectiity. which are not mean-
ingful. For example, in Figure 2, the sourcecannotbe
reachedrom the boundary As a consequencean arbitrar
ily large subnetvark N may have the samepotentialasthe
source,which is trivial and useless. In otherwords, even
thoughtheremight be an abtundanceof pathsleadingfrom
somenodein N to the source gradientpathsarenot helpful
in nding ary of them. Notice that this would not happen
if thelink (u;v) weresymmetric. However, we will shav
thatour methoddoesnot requirefull symmetryin thelinks,
but only amuchwealer condition: bi-directionalreadabil-
ity betweerary two nodes possiblyalonga multi-hoppath.

In the ideal caseof fully symmetriclinks, for any two
nodegheshortespathsin bothdirectionshave equallengths.
Intuitively, the difference betweenthe two shortestpath
lengths (the ratio of the longer one to the shorterone)is
a measureof link asymmetry The performanceof our
gradient-basednethoddegradesgracefully with respectto
thismeasure.

Theorem 2.1. If the network is strongly connectedthe po-
tential function describecabose is uniqueandcanbe com-
putedusing the standardterative method. Furthermorejf
for ary two nodesu andv the shortesipathlengthsfrom u

tov andfromv tou differ by at mosta factorofr, thenary
non-sourcenodecan nd a nodewith a potentialvalue no
higher/nolower thanits valuein its br c-hop neighborhood.

Proof: We de ne the systemmatrix M asfollows: row i
correspondso theinterior node(i.e.,anon-Dirichletbound-
ary node)i, with the diagonalentry (i; i) equalto the in-
degreeof i, andthe entry (i; j) equalto j 1 if thereis an
edgefrom anotherinterior nodej to i, zerootherwise.This
is the Laplacianmatrix of the directednetwork, with rows
andcolumnscorrespondingdo theinterior nodes.

The matrix-treetheoremfor directedgraphs(Chapter9
of [2]) stateghatthe determinanbf M is the numberof di-
rectedspannindgorests(arborescences)l of whosedirected
treesarerootedat (i.e. their edgespointingto) theboundary
nodes.Equivalently, this is the numberof directedspanning
treespointingto thenodeobtainedby contractinghebound-
ary nodes. Becauseof our connectvity assumptionthere
exists at leastone suchtree. ThusM hasfull rank, which
meansthe harmonicfunction is unique,asa solutionto the
linear systemM v = 0, with v asthe vectorfor all interior
nodes.

Thecorvergenceof theiterative methodcanbe provedin
the samemannerasin the undirectedcase(spectralradius
argument).

Finally, notethatarny nodeu hasa neighborv with a po-
tentialvalueno higher/nolower, suchthat(v; u) is anedge.
As u canbe reachedrom v in onehop, v canbe reached
from u in atmosthr ¢ hops.This completesheproof. =

3. Applications of Information Potentials
3.1.Routing diversity

Consideran emegeng evacuationscenarioin which
mary usersareguidedby theinformationgradientgo build-
ing or roadexits (eachexit is modeledasa datasource).lt is
importantto spreadout uniformly the usersalongthe paths
to theseexits, to avoid traf c congestion.We abstractthis
scenarioas multiple queriesor navigation requestdor the
samesetof sourcess;, andwe would like to uselocal rout-
ing guidanceto achieve global routing diversity andtraf c
balancing.

Assumingthataninformationpotential eld ©; hasbeen
constructedor eachsource(e.g.,exit) s;, we could simply
let eachuserchooseuniformly at randomamongthe setof
possiblesourcesandthenusethe potentialfor thatsourceto
guidetheway. However, trafc tendsto accumulateon the
pathsto the samesource,asthey aredirectedby the same
gradientfunction. Oncetwo navigationrequestsornverge at
onenode,they aregoingto follow the samepathfrom this
pointon.

Instead,eachqueryj canchoosesomerandgmecoef-
cients, j toform a personalizedpotentialeld ; , j ©;,
where®©; is the potentialfor sourcei. By the linearity of
information gradients.this linear combinationof harmonic
functionsis still harmonic. Thusrouting will not get stuck



until it reaches sourcenode.However, eachqueryis guided
by adifferentpotentialfunction,thusthequeryroutesexhibit
spatialdiversityandtraf c loadis moreevenly spreacuton
theroutesto thesesources.

To betterunderstandhis feature we considerthe follow-
ing scenario,in which therearek sourcess; and sourcei
x esits potentialas®©; (s;) = 1, and©;(sj) = 0, forj 6 i.
All the othernodeshave a potential0 < ©; < 1. Now we
form a con guration spaceasa k-dimensionalectorspace,
c(u) = (©1(u); ©y(u); ¢e¢; ©(u)), for eachnodeu. The
vectorof coefcients for queryj isy = (, 1, 255 ¢0¢;, «j ).
Thepotentialfunction®; simply guidesthe queryin the di-
rectionyy ; the neighborselectedat eachstepis the nodeu
whosepotentialvectormaximizesy; ¢c(u) It is easyto see
that, by linearity of potentialsall pointsc(u) areinsidethe
corvex hull of the sourcepointsc(s;), i.e. in the simplex
spannedy c(sj), 8i. In addition,the sourcess; arelocated
in uniformly spreadlirectionsaroundthesimplex, andthusa
randomdirectiony; will have equalprobabilityto leadto ary
oneof the sourcesTo summarizeaseachquerychoosests
coefcients randomlyit will arrive atasourcenodewith uni-
form probability, but the routing pathsfor differentqueries
will follow their respectre individual potentials We present
simulationresultslater to demonstratehe effectivenessof
this approachin loadbalancing.

3.2.Potential aggregationand compression

The linearity of harmonicfunctionsimmediatelyenables
an ef cient implementationof queriesfor aggreated data
types. As illustratedin the introduction,queriesfor arange
of sourcesansimply ascendat eachstepto a neighborwith
higher summedinformation potentialandthey will eventu-
ally reacha sourcenodewithin the speci edrange.

In mary real world scenariosan eventis only of inter-
estto the userswithin closeproximity, i.e., the “strength'or
“importance'of a detectionis in mary casegroportionalto
proximity of thenodeto theevent,or the 'scale'of theevent.
For example,in thedisasterelief scenarioanamhulanceve-
hicle moving throughthe network is morelikely to respond
to a building collapseif it happensearby or if the building
in questionis a highrise. As the total numberof eventsin
the network may be large, nodescan simply “forget' about
the lessimportantones,thus sarzing storagefor new, more
importantdetectionghatmayoccurin the nearfuture.

In this sectionwe shav that our approachnaturally sup-
ports this notion of eventimportance. The ideais to have
thenodesestimateheimportanceof aneventusingtheir lo-
cal value of its potential. A potentialis lumpedwith other
small potentials,if it is smallerthansomethreshold.Large
scaleeventsgeneratea lot of sourceswhich canthencom-
bine their potentials. As a result, more signi cant events
will be detectedat larger distancespecausehe combined
potentialwill be above the thresholdfurther avay from the
sourcesThiskind of compressiomndpotentialaggreation
sa/e on-boardstoragewithoutlosingmuchof the navigation
capability

We use the idea of g-digest, developed by Shrivas-
tava et al. [24] for answeringapproximatequantilequeries
with x edmemoryrequirementln particular supposehere
aren differenttypesof datasourceghat form a logical hi-
erarcly, i.e. correspondo leaf nodesin a (balancedpinary
tree. The hierarcly canbe arbitrary but mary applications
have a naturalclassi cation of types(e.g. big vs. smallan-
imals, dogsvs. cats,etc.). Insteadof storingthe n potential
valuesseparatelyeachnodestoreghesepotentialsn alocal
g-digestdatastructure constructechsfollows.

Startwith a binarytreedescribingthe hierarcly of types.
At eachleafnodei recordthe potential©; for sourceof type
i. Smallvalueswill belumpedtogetherinto internalnodes
of the tree so that for eachnodein the tree two properties
will hold: (i) thevalueof anodeis atmost"; (ii) the sumof
the valuesof a node,its parentandsibling is at least". To
achieve this, examinethe nodesbottomup. If a nodedoes
notsatisfy(ii), lumpits valueandthevalueof its sibling into
the parent. The storageneededs the numberof non-empty
valuesatthenodesn thistree.

Suppos@atat asensomodeu the sumof the potentials
iSM(u) = in:1 ©; (u). If theleafnodei hasanon-empty
value, this valueis precisely®©; (u), i.e., no compressions
donefor sourcei. Otherwise,its valueis lumpedinto the
value of the lowestancestomwith non-emptyalueandis at
most". Denotethe valueof a nodex in thetreeasV, (x),
its parentasp(x), its sibling ass(x), and Sy (x) asthe set
of sourceghat contritute to the potentialat x. To countthe
numberof non-emptywaluesof thelgigest,denotedoy m, we
calculatethefolowingsum:M = [Vy(X) + Vu(p(X)) +
Bu(s(x)] - 3, Vu(x) = 3M (u): At thesametime,M ,

« = m" Thuswe have m - 3M (u)=". Thatis, the
storagerequirementt a nodeis only dependenbn thetotal
potentialvalue,but not the numberof sourcegresenin the
network.

Since the potentials are "compressed'when they are
smallerthan”, gradientroutingfrom a nodewith a smallpo-
tentialvaluemayneedto do alocal ooding until it encoun-
tersa nodewith a visible potentialvalue (i.e., higherthan
"), from wherethe standardyradientroutingis adopted Al-
ternatiely to avoid thelocal ooding, we canalso decom-
press'theaggregatedpotentialdy distributing uniformly the
non-emptyvalue of aninternalnodex to all the leaf nodes
thathave contributedto x, i.e.,thosein S, (x). Routingfor a
particularsourcecanbeguidedby thislossily decompressed
potential (and may getinto a local minimum in the worse
case).

This compressiorschemewith the g-digestcanbe inte-
gratednicely with the gradientupdateschemeijn particular
with the Jacobiiterationfor computingthe harmonicvalues.
Noticethateachinternalnodewill have its valueasthesum
of the potentialof a subsetof sources.By the linearity of
harmonicfunctions,one candirectly performthe Jacobiit-
erationon this bucket at a nodeu if at nodeu andall its
neighborsthe bucket x containsthe potentialvaluesof the
samesubsebf sources— in otherwords,if Sy (x) = S, (X)
for all neighborsy of u. In this case we simply take the av-



erageof the valuesat bucket x of u's neighborsasthe new
valueat V, (x). In a morecomplicatedscenariothe bucket
X atnodeu is non-emptybut the bucket x at its neighborv
is lumpedinto anancestol of x — we will let nodev also
keepthe value at bucket x. Thenthe Jacobiupdatecanbe
performedat nodeu. Symmetrically whenwe updatethe
valueatbuckety of nodev, we will take the sumof theval-
uesof sourcedn S, (y) atsensomodeu, by takingthe sum
of appropriatébucketsat nodeu.

To summarizeeachnodemaintainsthe non-emptybuck-
etsof its own g-digest,aswell asthe valuesat the buckets
correspondingo the non-emptybucketsatthe g-digestof its
neighbors Thestoragaequirements atmosta constantac-
tor more,asanon-emptybucketatanodeu in theworstcase
causests neighborgdo alsokeepthe valueat this bucket be-
yondwhatthey have alreadymaintainedn theg-digest.In a
network with boundechodedegree thismodi cation atmost
increaseshe storagerequiremenby a constanfactor

Whenwe performa Jacobiiteration, we also checkthe
propertiesof g-digestto make surethey still hold. Two pos-
sibilities canhappen:

2 If the sum of the valuesV,(x) with V,(p(x)) and
Vi (s(x)) is smallerthan", thenthe valueof x andits
siblingis lumpedto theparentp(x). ThevalueatV, (x)
is still maintainedunlessall the neighborsof u do not
have non-emptybucket x.

2 |f thevalueV, (x) is largerthan", we will needto “de-
mote' this bucket. The,’gnsight hereis thatfor at least
oneof u'sneighborsv, =, () ©i(v) > " —if oth-
erwisethe new valueV, (x) is the averageof its neigh-
bors'valuesandcannotbelargerthan”. Thusu hasal-
readybeenmaintainingthe buckets (lower thanx) cor-
respondingo the non-emptybucketsin the g-digestat
v. Thuswe will demotebucket x to thosenon-empty
bucketsin its subtree.

Onemoreadwantageof this setupis thatit supportsam-
biguousevent detections. Sometimesa node cannotdeter
mine the basictype, but only a higherlevel classof its de-
tection(cannottell a catfrom a dog, but knowsi it is a small
animal). Sucha detectioncanthenbe associatedvith anin-
ternalnodein the ontologytreeof types,justlikein thecase
of acompositionof severalbasicpotentials.

3.3.Counting range queries

A rangequeryasksfor the value of certainattributesin-
side a given geographicarange. Previous approachegor
rangequerieseitherchoosdo ood theregionfor computing
the attributesof interest,or preprocesshe sensordatainto
partial aggre@atesthat are later assemblegroperly for the
correctanswel[8-10,23). For thelaterapproachtheshapeof
the geographicatangeaffectsthe assemblycost: the more
complicatedthe geographicalangeis, the more partial ag-
gregatesareto beused.

Thealgebraigropertyof harmonicfunctionallows anef-
cient algorithmfor countingqueryin an arbitrary range.

In particular supposeve would like to countthe numberof
sourcesinside a simple closedcurve (a Jordancurve). We
simply tour along the curve and sum up the differencein
the potentialvalueson the edgesacrossthe region bound-
ary. In particular say an edgeuv is crossingthe region
boundarywith u insidetherange.Thenthesigneddifference
©(u) i ©(v) is addedto the sum. The summeddifference
will give preciselythe numberof sourcesn the interior of
the range,assuminghat the samesigneddifference evalu-
atedfor the setof edgesadjacento eachsourcejs equalto
1. However, the latter canbe guaranteedby a simple modi-
cation to the basicJacobiiterationdescribedn Section2.1
—the sourcegreviously hadtheir values x edat 1, whereas
now they performthefollowing iteration

- o]
Ot (u) A §uon @ (V) + 1 :

1 £
d(u)
To betterunderstandhis, onecanimaginethateachsourcds
equippedwith an“external’ constanin o w of valuel with
one node x ed to the groundwith voltage0?. The signed
difference®(u) | ©(v) istheelectrical o w ontheedgeuv
frominteriorto theexterior. If therangecontainsnosources,
thentheamountof o w enteringtherangemustbethe same
astheamountof o w leaving it, by Kirchoff's currentlaw.

Beyondits simplicity, this approachalsocomparedavor-
ably with other approachedor answeringcounting range
queries,in terms of the communicationcost. For exam-
ple, the quad-tree/fractionatascadingapproact9] incursa
guerycostproportionalto O(h log h) for arectangularange
with perimeterh. Our queryonly incursa communication
costof h andit worksfor rangesof arbitraryshape.

4. Construction & Maintenance

The establishmentof information strength eld is
achieved by on-demandlacobiiterations. The sourcenodes
and some boundary nodes always x their information
strengthasthe maximumandminimum value, respectiely.
A non-sourcenode u, upon the receiptof strengthvalues
from its neighborgtakesthe averageof the neighbors'val-
ues,i.e,©(u) = = ,,n () ©(v). If thenew strengthvalue
©Yu) is sufciently differentfrom the old strengthvalue
©(u), the new valueis updatedand broadcasto its neigh-
bors. Otherwise nothingis changedat nodeu. The update
criterion can be selectedo provide a tradeof betweenup-
datecostandgradientquality. We provide two basicupdate
criteriaasfollows.

2 Relative differ encethr eshold: The updatestopsif the
relative differenceis belov a threshold+. In other
words,jo(u) j ©(u)j - *¢maxf ©(u); ©Yu)g.

2 Stablerelative ordering: The updatestopsif therel-
ative ordering of the strengthvaluesbetweenu and

2Technically the equationbeingsolvedin this caseis the discretePois-
son('nonhomogeneousaplace')equationwherethesourcesarenolonger
boundarynodes but nonhomogeneougrms. The theoryof Jacobimethod
is essentiallythe same however.



all neighborsof u stabilizes. In otherwords, for all
w 2 N (u), ©(u) < ©(w) if andonly if ©(u) < ©(w).

In the relative differencethresholdcondition, the thresh-
old + boundsthe relative differenceof the currentstrength
eld from the harmonicfunction. The smaller+ we choose,
the betterstrengtheld approximateshe harmonicfunction
andthe higherconstructiorcostwe pay.

The stablerelative orderingcriterion is a more relaxed
condition. In fact, the stablerelative orderingis obviously
sufcient to guaranteghat non-sourcenodesdo not form a
local maximumor minimum of the strengthvalues. Thus
greedyrouting never getsstuckat a non-sourcenode.

The updatecondition can also be a combinationof the
stablerelative ordering and the relative differencethresh-
old conditions,so that the orderingsstabilizeand the rela-
tive erroris below the speci ed threshold.The corvergence
condition controlsthe quality of the information gradients,
which consequenthaffectsthe queryquality andquerypath
lengths. The corvergenceconditionis a systemparameter
thatcanbe tunedin an applicationspeci ¢ fashionto trade
preprocessinfpr querytime.

Weremarkthatthegradientconstructiorandmaintenance
is performedn anon-demandndasynchronousvay. Upon
the appearancef datasourcesjnformation diffusesto the
network. The closera nodeis to the datasourcesthe less
delay a node experiencesin encounteringa visible gradi-
ent. The delayit takesfor this information diffusion usu-
ally dependson the network diameter However, with on-
demandccomputationtheamountf iterationseachnodeper
forms, and thus the enegy consumptionat eachnode, de-
pendsmainly ontheconvergenceconditionandarerelatively
independentf the network size. This scalabilityis veri ed
by simulations(Figure3(iii)).

Gradient maintenancecan also be triggered by user
gueries. Beforethe informationgradientsstabilizeor when
the corvergenceconditionis too loose(e.g.,x is largein the
relative differencethresholdcase) a userquerymayreacha
local maximumandget stuckat a non-sourcenodeu. This
maytriggerfurtherimprovementof thegradientsby initiat-
ing Jacobiterationsatu (possiblywith atightercorvergence
condition).

5. Evaluation by Simulations

We evaluateinformation gradientsby simulationin the
following aspectsthe constructiorandmaintenanceostsof
theinformationstrengtheld, robustnesso network dynam-
ics, the tradeof of query qualitiesversusgradientmainte-
nancecost,aswell asthe applicationsof the potential elds
in Section3.

5.1.Simulation setup

We usetwo setsof network topologies.Oneis a grid net-
work with radiorangeof 1 unit andexactnodedegreeof 4.
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Figure 3. The boot-upphasewith presetapproximations:(i) The cornver-
gencerateswith relative differencethresholdmodel," = 0:2%; 0:5%; 1%.
(ii) The averagenumberof iterationseachnodeexperiences.The mainte-
nancephase(iii) Thenetwork andpernodecornvemgenceterationsfor link
togglesatdifferentpositionsin a50£ 50grid network. (iv) Thecumulatve
distribution functionof the numberof updatechodesat differentdistances.

Theotheris sensomnodesdeployed uniformly randomlyin a
rectangularegion.

We model wireless transmissionusing the sameradio
modelsasin TOSSIM[1,17]: simplemodeandlossymode.
In the simplemode,all nodeswithin the transmissiorrange
can communicateperfectly without datacorruption. In the
lossymode,eachlink hasa bit errorratere ecting the prob-
ability thatabit is ipped, accordingo the distancebetween
the two communicatingparties. We feedin our nodeloca-
tions in the TOSSIM radio model and obtain connectity
andlink quality for eachpair of nodes. To modellink fail-
ure, at ary particulartime slot we also seta percentagef
randomly selectedinks to be not available, throughoutall
theexperiments.

The maintenancef the informationstrength eld is on-
demand. We build the gradient schemeupon a neigh-
bor discovery protocol, which noti es the gradientmainte-
nancecomponentabouttheappearancanddisappearancef
neighbors. Gradientmaintenancandroutingarein the net-
working layer, andcanbeintegratedwith existing protocols
thatmaintaina neighborlist for eachnode[5, 20].

5.2.Gradient construction

A critical systemparameteliis how fastthe information
strengthcorverges. In the boot-upphase gradientsareini-
tially setupfor newly introduceddatasourcesln themainte-
nancephaseafterwards gradientsareupdatedatlink changes
andrepaireduponsourcemotion.

We rst study the boot-up phasebehaior. In the grid
topologywith increasingsizefrom 20 £ 20to 100£ 100,
we X asourceatthecenterof the network andsetthe maxi-
mumvalueas1000.We usea simpleradiomodelwith com-



municationrangel. We evaluatethe numberof relaxation
iterations(i.e., the delay)it takesfor the whole network to
stabilize under different corvergencecriteria, as shavn in
Figure3 (i). Thetotal numberof iteration stepsis propor
tional to the network diameter We also obsenred that the
convergencethreshold" affects the coveragescopeof the
potential eld. Correspondinglythe corvergenceratesare
missingin caseof incompletecoverage. We also evaluate
thenumberof Jacobiiterationseachnodeperforms.Theav-
eragenumberof actualiterationseachnode experienceds
muchsmaller asshavn in Figure3 (ii). In thesesxperiments
we adopteda simpli ed pre-setschemeor the information
strengtheld. We pre-setthe strengtheld asa eld that
linearly decaysfrom the sourcein the boot-upphase. The
decayingamountat eachstepis setby asS = MAX=D,
whereMAX is the maximalstrengthvalueat sourcesandD
is the network diameter In practice the estimateddecaying
stepS canbe preloadedon all sensomodes. Whena node
rst recevesa positive strengthvaluefrom a neighborit di-
rectly setsits strengthvalueto bethe neighbors valueminus
S. Standardlacobiterationsareperformedafterwards.This
linear approximationis shavn by simulationto be very ef-
fective. Most of the numbersare belov 10 iterations. For
" = 0:5%; 1%, the averagenumberof iterationsis evenless
thanl. Anotherinterestingoehaior obseredis thatthe ap-
proximationfavorslargenetworks,in thesensehatthenum-
ber of iterationsper nodedecreasewith network diameter
This is becausdoththe gradientandthe presetapproxima-
tion functionsare lesssteep. Thusonly a few adjustments
areneeded.

5.3.Robustnesso link dynamics

After the establishmentof information gradients, the
strengtheld is maintainedo accommodatearioustypesof
dynamics. Whenonelink toggles(appearsor disappears),
the gradientmaintenanceeomponentwill be noti ed with
the lost (or new) neighborand perform a Jacobiiteration.
If thecornvergenceconditionis violated,gradientupdatewill
be triggeredandnew valuesarebroadcasto the neighbors.
We evaluatethe updateconvergenceratesandupdatescopes
(how fartheupdatespan).We rst studywhetherthe prox-
imity of the link dynamicsto sourcematters.In a50 £ 50
grid network, the potential eld is constructedwith 0.1%
convergencethresholdandmaintainedoy 1% threshold.We
samplenodesat differentdistancegrom the sourceandran-
domly fail one of the attachedinks. Figure 3 (iii) shows
the numberof iterationsfor the network to stabilize. The
numberof iterationsper nodeis about10. Figure 3 (iv)
describeghe cumulatize distribution functionaboutthe per
centagef updatechodeswithin acertaindistancehreshold.
The nodesupdatedare all within vicinity. Nearly 90% of
themarewithin 6 hopsfrom thetriggeringnode.

We alsotestthe algorithmfor scalability By varyingthe
diameterof the grid network from 20 to 80, we obsene that
both the averagecorvergencerates(the total and per node
numberof iterations),asshavn in Figure4(b), andthe up-
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date scope,as shovn in Figure 4(a) with 1% corvergence
threshold,do not changemuch when the network size in-
creasesThusinformationgradientupdatedor link dynam-
icsarecompletelyiocal.

5.4.Packet lossand query quality

In theseexperimentswe incorporatethe lossy wireless
communicatiormodeldescribedn section5.1andstudythe
guerysuccessate and pathquality in this scenario.Under
thelossyradiomodel,messagenay getcorrupted which is
detectedy the CRCchecksumFor acorruptedgradientup-
datemessagethe recever dropsthis messagend skip the
Jacobiiterationthatmaybetriggered.A missingJacobiter-
ationcanbe compensateth lateriterations.If aquerymes-
sagegetscorrupted the sendemwill retry. In the simulation
guerymessageareacknavledgedimplicitly by overhearing
retransmissiorfirom therecever. If a senderdoesnot hear
the transmissiorof the querymessagéy its neighborafter
a certainperiodof time, it retransmitghe query In caseof
a second-timdailure, the sendetthenchooseghe neighbor
with thesecondargestinformationstrength(still higherthan
its own strengthvaluethough). The processepeatsn case
of consistentransmissiorfailureand nally claimsa query
failurewhenthereis no quali ed neighborto proceed.

In Figure5(a), we shav the querysuccessatesunderthe
lossy communicationmodelinitiating from increasingdis-
tancerangesWe compareét with thequerysuccessatewith
the DAG formedby hop countdistanceto source by using
the samequeryrouting algorithm as explainedabove (Fig-
ure 5(b)). In the experimentswe placea sourcerandomly
in a uniformly distributed4000nodesnetwork. A potential
eld using0.1%corvergencethresholdor a DAG according
to hop countdistanceis constructechext. We then collect
the query statisticsfor every non-sourcenode. The results
shav that greedyrouting using the gradient eld is much
morerobustthanshortesipathtrees. The horizontalaxisin
Figure 5(a) and 5(b), "lossy modelscalingfactor', is a pa-
rameterusedin the TOSSIM radio modelthat controlsthe
lossrate. The higherthis factoris, the morelossythe radio
links are.
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5.5.Impr oving routing diversity

To demonstratethe use of information gradients to
achieve routing diversity, we considera perturbedgrid net-
work of 625 nodeswith two sourcesn the upperright and
lower-right cornersof the network. We generate800queries,
eachof them looking for ary one of the 2 sources. Each
guery originatesfrom one of the threenodesalongthe left
boundaryof the network (indicatedby dark bars)chosenat
randomamongthe three. To guide the query messagewe
follow the ascendingathof a functionwhichis guaranteed
to have all its local maximaatthe sourcesWe comparehree
choicesof suchfunction,namely

2 the potentialwhich happendo be the strongestat the
pointwherethe queryoriginates,

2 apotentialchoseruniformly atrandom,

2 alinearcombinationof the potentials with positive co-
efcients® | and1 where, is choseruniformly at

B

randomfrom [O; 1].

5

Figure 6 shaws the resultsfor the communicationoad.
We seethatin the third casethereis a signi cant improve-
mentin the nodes'communicatioroaddistribution, aslong
asthey arenotvery closeto the sourcesandquerypoints(in
thelattercasehigh loadis unavoidable).

Becausewe diversify our paths,we may expectto pay
somepenaltyin termsof pathstretch.Clearly, our approach
providesaway to tradeoff pathdiversityfor pathstretchby
restrictingthe domainfrom which randomcoefcients are
dravn. However, our resultsshawv that this penaltyis not
too large even with the entire intenal [0; 1]. In the above
experimentwe obtainedhestretchvalueof 1:22for thethird
approachyersusl:14 and1:15for the rst two approaches.

5.6.Potential in uence zones

Wetestedhein uence zoneof aggrejatedgradientsin a
perturbedyrid network of 400nodeswe choosewo sources
closeto eachotherneartheleft boundaryof thenetwork. We
computetheir individual potentials,but storethe gradients

3If we allowed negative coefcients, theremight be local maximaat the
network boundary

Figure 7. Nodescanadapttheir potentials'zoneof in uence basedon the
importanceand scaleof detectedevents. In this examplethe signi cance
thresholdis * = 1=64. Top row: In uence of the individual potentials.
Bottomrow: In uence of thecombinedpotential.

only if they arelargerthan”. We wantto seehowv mary
morenodeswill learnaboutthe two eventsif the potentials
arecombined.

Figure 7 shaws theresultfor " = 1=64. In the caseof
individual potentialg(Figure7 top), the numberof nodesun-
aware of the eventis 182 and 183 for the lower and upper
source respectrely, andin the caseof the combinedpoten-
tial thenumberis only 43 (Figure7 bottom;asexpectedthe
numberis the samein bothcases).

5.7.Saving storagespaceusing g-digests

In this sectionwe testtheideaof reducingthe numberof
storedpotentialvalues but in suchawayto beableto recon-
structthe original gradientwith a guaranteen the additive
error. The g-digestdatastructureprovidesa way to do this,
asdescribedn Section3.2.

We considerthe following simple example. Supposeave
have a perturbedgrid network of size20 £ 20 nodes,with
two sourcess; ands, nearthe left (resp. right) boundary
andwe want to have asmary nodesas possiblestoreonly
onevalueinsteadof two.

If wetry to compresssing” = 0:2, our approximatepo-
tentials(afterdecompressionyill have somelocal extrema.
In particular the approximatepotentialof s; will have local
maximaarounds, andvice versa(Figure8 top left). Thisis
becauseén the region arounds; the potentialof s, is much
strongerthanthat of s;, soequalsplitting resultsin under
estimatings, andoverestimatings;. This effectis alot less
pronouncedf we uselesscompressiorismaller"). Figure8
(middle) shavs the resultsfor * = 0:05. Most hodeshave
ascendingpathsto both sourcesaven with approximatepo-
tentials,but the storagesaszingsarealsosmaller Thenumber
of nodesthat decideto aggrejatetheir potentialis 380 (out
of 400 for " = 0:2, and185for " = 0:05.

Finally, noticethatthe aggrejatedpotential(storedin the
internal node of the g-digesttree)is also a potentialfunc-
tion whosedomainis a subsetof the nodes. Thus, if it is



Figure 6. Pathdiversityresults. Left: usingthe strongespotentialat the queryorigin. Middle: usinga randomlychosenpotential. Right: usinga random

linearcombinationof potentials.Dark barsrepresentoadsat queryorigins.

Figure 8. Compressingotentialfunctionsusingg-digests Sourcesrerep-
resentedy black squaresemptycirclesrepresenthe nodesthatcompress
their local potentials. Top: for " = 0:2, somenodesin the vicinity of s1
have no ascendingathsto sz, andvice versa.Middle: with lesscompres-
sion(" = 0:05) theeffectis lesspronouncedBottom: usingthe aggreate
potential(from theinternalnodeof the g-digestiree)restoregoutability for
all nodesevenfor " = 0:2.

not possibleto route using approximatepotentials,the ag-
gregate potentialmight provide a way out of the local min-
imum. In our case(Figure 8 bottom)it turns out that this
stratgy (ascendinghe aggregatepotentialin theusualway)
restoregoutability for all nodes.

5.8.Counting sourcesinside a range

In this sectionwe evaluatehow mary averagingiterations
(per node) are neededbefore the potential becomesaccu-
rate enoughto be usedfor countingsourcesinside a given
gueryregion by examiningonly the boundaryof the region
(Section3.3). We placea single sourcein the middle of a
25£ 25-nodeperturbedyrid network. Thetaskis to decide
whetherthe sourceis insideor outsideof the queryregion.

For ary givennumberof iterationgpernode we expectthe
accuray to dependon the distanceof the queryregion from
the source. To measurehis dependencaccuratelywe test
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Figure9. Two typesof circularqueryregionsin oursourcecountingsimula-
tion, for agivendistanceparameted. Regionsarechoserto maked roughly
equalto theaveragedistancebetweertheregion's boundaryandthesource.
Whentheregion doesnot containthe source(left), the radiusof the region
is comparabldo d. Whentheregion containsthe source(right), theregion
is displacedwith respecto the sourceby a smalldistancgcomparedo d).

Y AT

D

Do

Y Y

Figure 10. Sourcecountingempiricalerrorrateasafunctionof thenumber
of Jacobiterationsandthepositionof thequeryregion. Left: falsepositves.
Right: falsenegatives.

with the queryregionsfor which this distances asuniform
as possibleover the region boundary Figure 9 shaws the
kind of queriesthatwe use.

Startingfrom arandominitial values,we simulateJacobi
iterationsin small batches. After eachbatchof iterations,
for all distancevalueswe computean empirical estimateof
the errorratefrom a few hundredrandomtrials (therandom
guantitybeingthe coordinateof the centerof the queryre-
gion).

The resultsare shovn in Figure 10. In all casesthe er
ror dropsto zeroafteronly 20-30iterationspernode.In the
caseof falsepositives,corvergenceslows down asdistance
parameted grows. We believe that this is becauseén this
caseheconvergencespeeds governedby thediffusionpro-
cessinside the region. As the size of the region grows, it
takesmoretime to eliminatelocal extremainsidethe region
throughlocal averaging. In the caseof falsenegatives, the

ow hasto becomerelatively large, which happensunder
the in uence of the sourceandboundary Hencethe nodes
roughly half way betweenthe sourceandthe boundaryex-

hibit the slowesterror decay;the source/boundarinforma-
tion needgo propagtefurthestto thesenodes to make the
o w in theirvicinity relatively largeandreliably detectable.



6. Conclusion

In this paperwe have shovn that harmonicinformation
potentialsalightweightstructurethatmaintainsanddiffuses
informationavailability, canbevery helpfulin guidinginfor-
mation o w anddata-centriqueriesn sensonetworks. The
rich structureof harmonicfunctionsallows for great e xibil-
ity andadaptabilityin routing algorithmdesignsandwe ex-
pectthatmary futureapplicationof theseechniquesvill be
possible.
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