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Abstract. Thewidespreadlisseminatiomf small-scalesensonodeshassparted
interestin a powerful new databasabstractiorfor sensonetworks: Clients“pro-
gram”thesensorshroughqueriesn a high-level declaratve languageermitting
the systemto performthe low-level optimizationsnecessaryor enegy-efcient
queryprocessingln this paperwe considemulti-queryoptimizationfor aggre-
gatequerieson sensometworks. We develop a setof distributedalgorithmsfor
processingnultiple querieghatincur minimumcommunicatiorwhile observing
the computationalimitations of the sensomodes Our algorithmssupportincre-
mentalchangedo the setof active queriesandallow for local repairsto routes
in responseo nodefailures.A thoroughexperimentalanalysisshaws that our
approachresultsin signi cant enegy savings,comparedo previouswork.

1 Intr oduction

Wirelesssensornetworks consistingof small nodeswith sensing,computationand
communicatiorcapabilitieswill soonbe ubiquitous.Suchnetworkshave resourcecon-
straintson communicationcomputationandenegy consumptionFirst, thebandwidth
of wirelesslinks connectingsensomnodess usuallylimited, ontheorderof afew hun-
dredKbps, andthe wirelessnetwork that connectghe sensorgrovidesonly limited
quality of service,with variablelateny and droppedpaclets. Second,sensomodes
have limited computingpower and memorysizesthat restrictthe typesof datapro-
cessingalgorithmsthatcanbedeployed. Third, wirelesssensor$ave limited supplyof
enegy, andthusenegy conserationis a majorsystemdesignconsiderationRecently
adatabas@pproacho programmingsensometworks hasgainedinteres1-7], where
thesensorareprogrammedhroughdeclaratve queriesin a variantof SQL. Sinceen-
erngy is a highly valuableresourceand communicatiorconsumesnostof the available
power of a sensometwork, recentresearcthasfocusedon devising query processing
stratgyiesthatreducethe amountof datapropagatedn the network.

Our Model and Assumptions.We assuméehatnodesarestationaryandbattery-pavered,
andthussererelyenegy constrainedUsersnjectqueriesnto aspeciatypeof nodere-
ferredto asa gatewvay. Thesensometwork is programmedhroughdeclaratve queries
posedn avariantof SQL or anevent-basedanguagg1-5]. We concentrat®n aggre-
gationqueriesandthe sensometwork performsin-network aggreyationwhile routing
datafrom sourcesensorshroughintermediatenodeso the gatevay.
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Existing work hasfocussedn the executionof a singlelong-runningaggreyation
query In our new usagemodel, we allow multiple usersto poseboth long-running
and snapshotjueries(i.e. queriesexecutedonce).As new queriesoccut, they arenot
sentimmediatelyto the network for evaluation,but are gatheredat the gatavay node
into batchesandaredispatchedor evaluationonceevery epod. The queryoptimizer
groupstogetherquerieswith the sameaggreate operatorand optimizeseachgroup
separatelyHence,in our presentatiorof our optimizationtechniquesywe assumehat
queriesusethe sameaggreyateoperator Eachepochconsistsof a query prepamation
(QP)andaresultpropagation (RP) phaseln the QP phaseall queriesgatherediuring
the previous epochare sentto the network togetherfor evaluation.In the RP phase,
queryanswersreforwardedbackto the gatavay.

Our modelis generalenoughto include querieswith differentresultfrequencies
and differentlifespans.Although the algorithmsproposedn this paperapply to this
generalsagamodel.for easeof presentatiomnve will restrictourdiscussiorio asimpler
scenario:all queriesasled in a QP phasehave the sameresult frequeng, and their
computationspansa single (and entire) RP phase.The durationof an RP phaseis a
tunableapplication-speci gparametefTypically, anRP phasdncludesmultiple rounds
of queryresults.To summarizeanepod hasa QP andan RP phaseandan RP phase
hasmary roundsin which queryresultsarereturnedo the gatavay.

The Intelligent National Park. To give anexampleof ascenariovith multiple queries,
considera sensomnetwork deployedin a nationalpark. Visitorsof the parkareprovided
with mobile devicesthatallow themto accessa variety of informationaboutthe sur
roundinghabitatby issuingqueriesto the network througha specialpurposegatevay.
For instancevisitors may wish to know countsof certainanimal speciedn different
regionsof the park. The region boundarieswill vary dependingon the locationof the
visitors. The queriesalsochangewith time, asvisitorsmove to differentsectionof the
park,andcertainqueriesaremorepopularthanothers.In addition,the sensoreadings
changeprobabilisticallyasanimalsmove aroundthe park,andtheremight be different
updateratesduringthe daythanat night.

Our Contrib utions. This paperaddressetheproblemof processingnultiple aggreyate
queriesin largesensometworks,andmakesthefollowing contributions:

Multi-Query Optimization In SensorNetworks: Conceptsand Complexity. We
formally introducethe conceptof resultsharingfor ef cient processingf multiple
aggreatequeries. We alsoaddresghe problemof irregular sensomupdateshy de-
velopingresultencodingechniqueshatsendonly a minimumamountof datathatis
sufcient to evaluatetheupdatedjueriesOurresultsharingandencodingechniques
achieve optimal communicatiorcostfor sumandrelatedqueries(suchascountand
avg. While someof our techniqueslso extendto maxand min queries,we shov
thatthe problemof minimizing communicatiorcostis NP-hardfor thesequerieq8].
Distrib uted Deploymentof Multi-Query Optimization. We re ne our multi-query
optimizationalgorithmsto accounfor computationahndmemorylimitationsof sen-
sornodesandpresentfully distributedimplementation®f our algorithms.Besides
a communication-optimaalgorithm,we proposea nearoptimal algorithmthat sig-
ni cantly decreasethe computationakffort. We shav how to tune our algorithms
to take into accountthe nodecomputationatapabilities andthe relative enegy ex-



pendedior communicatiorandfor computationln [8], we shav how to adaptour
algorithmsto link failuresthatchangethe structureof thedisseminatiorree.
Implementation ResultsValidating our Techniques.We presentresultsfrom an
empirical study of our multi-query optimizationtechniqueswith several synthetic
datasetsand realistic multi-query workloads.Our resultsclearly demonstratehe
bene ts of effective resultsharingandresultencoding We alsopresenta prototype
implementatioron real sensonodesanddemonstrat¢hetime andmemaoryrequire-
mentsof runningour codewith differentqueryworkloads.

Relationship to Traditional Approachesfor Multi-Query Optimization (MQO).

Theproblemconsideredh this papetis signi cantly differentfrom thetraditionalMQO
problems.The dif culty in devising ef cient MQO algorithmsfor sensometworksis
notonlyin nding commonsubepressionshutin dealingwith thechallenge®f distri-
butionandresourceconstraintatthenodesThis paperis, to thebestof ourknowledge,
the rst pieceof work to i) formulatethisimportantproblem,andii) give ef cient algo-
rithmswith provableperformanceyuaranteethatareshovn to work well in practice.

2 Optimization Problemsand Complexity

We now formally presenthe multi-query optimization,and study its complexity, fo-
cusingon algorithmsthataim to minimizethe communicatiorcostof queryevaluation
ignoringary computatiodimitationsor issueof distributedimplementation.In Sect.3
we will developfully distributedalgorithmsthattake into consideratiorthe computa-
tion andmemoryconstraintsn sensometworks.

We considera setof aggrgjatequeries overasetof distinct
sensodatasourcesA setof sensorreadingds a vector . Each
query requestanaggraeyatevalueof somesubsebf thedatasourcesatsomedesired
frequeng. Thisallowseachquery tobeexpressedisa -bit vector:element of the
vectoris 1if  contributesto thevalueof , andO otherwise.The valueof query
onsensorreadings is expresseasthedot product

In our multi-query optimizationproblem,we are given a disseminatiortree con-
nectingthe sensomodesandthe gatevay, over which the aggrejationsareexecuted.
Notethatour solutionsapplyto ary giventree.Thegoalis to devise an executionplan
for evaluatingqueries that minimizestotal communicationcost. The communication
costincludesthe costof querypropagatiorin the QP phaseandthe costof resultprop-
agationin eachroundof the RP phaseWhile we discusgheimplementatiorof the QP
phasein detailin Sect.3.2,weignorethequerypropagatiorcostin thefollowing anal-
ysis, sinceit is negligible comparedo the total resultpropagatiorcosts,whenever the
RP phaseof anepochconsistsof a sufciently large numberof rounds. We consider
two classef aggreation: (i) min queriesand(ii) sumqueriesClearly our resultsfor
min queriesalsoapplyto max andourresultsfor sumqueriescanbe extendedo count
average, momentsandlinearcombinationsn theusualway. For minquerieswe estab-
lish the NP-hardnessf the multi-query optimizationproblemusinga straightforrvad
reductionfrom the SetBasisproblem[8].

Complexity of sum Queries: For sumqueriesthe underlyingmathematicabtructure
isa eld. We canexploit this fact,usingtechniquedrom linearalgebrato optimizethe



numberof datavaluesthatmustbe communicatedLet  beanarbitrarynodein the
tree.Let denotethe parentof  andlet denotethe subtreerootedat . We
denoteas thevectorof sensowvaluesin thesubtree  and thesetof query
vectorsprojectedonly ontosensorsn

We presenta simplemethodto minimizetheamountof datathat sendgo

in eachround.Let beabasisof thesubspacef  spanned
by . Thenary query can be expressedas a linear combinationof
the basisvectors , Where , . By linearity of inner

productwe get,for sensors (inthesubtree )

That s, to evaluatethe answersof queriesin it sufces to know the answers
for any basisof thequeryspacespannedy . Any maximallinearly independent
subsebf is a (notnecessarilprthogonabr normal)basisof the spaceandevery
suchbasishasthe samecardinality Sowe canuseary maximallinearly independent
subsebf asourbasisand canforwardtheanswerof thequeriesn this basis
to . The parent , usingthe samesetof basisvectors,caneasilyinterpret
thereducedesultsthatit recevesfrom .Weassuméghat and usethesame
algorithmin orderto identify the basisvectorsof , andthefactors . We refer
to this procedureaslinear reduction

Theorem 1. Thesizeof the queryresultmessge sentby the above algorithmin each
roundis optimal.

3 Multi-Query Optimization

Thelinearreductiontechniqueoutlinedin Sect.2 providesan elegantsolutionfor min-
imizing the costof processingnultiple sumqueriesHowever, anumberof systencon-
siderationdhave to betakeninto accounto applyto areal sensometwork. In this sec-
tion, we developfully distributedmulti-queryoptimizationalgorithmsfor sumqueries.
Dueto spaceconstraintsye do not considerthe impactof failureson our algorithms.
Wereferthereadetto thefull paperfor adiscussioronfailuresanddetailedexperiments
thatmeasureghetradeof betweercommunicatiorandcomputatiorcostin thepresence
of failures[8]. We startour discussiorby introducingthe notion of equivalenceclass
whichis centralto the algorithmsproposedn the remainderof the section.

3.1 Queriesand equivalenceclasses

Rectangular Queries: We have represente@achqueryasa -bit vector where is
thenumberof sensorsExpressingjueriesn this form requireshatthe userhave com-
plete knowledgeof the sensortopology It is more natural,and generallymore com-
pact,to representjueriesspatially We focus our attentionon queriesthat aggreyate
sensowalueswithin arectangularegion,andrepresensucha queryasa pair of points

atoppositecornersof therectangle Sincequeriesdonolongerenu-
meratenodesspeci cally, we canevenevaluatequeriesn anacquisitionaimannei9],
e.g.by selectinga sampleof sensowaluesgeneratedvithin a queryrectangle.
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EquivalenceClasseqECs): To dealef ciently with rectangulaqueriesanddistribu-
tion, we introducethe notion of EquivalenceClass(EC). An equivalenceclassis the
unionof all regionscoveredby the samesetof queries For example,Fig. 1 showvsthat

queries form four ECs , eachoneof which corre-
spondsto a differentsetof queries.For instance, is coveredonly by queries
and , andcanberepresentedly the columnbit-vector ; is represented
by , by and by . Noticethatanequialenceclass

is not necessarilya connectedegion (see ). An equivalenceclassmay containno
sensorsEquivalenceclassesareidenti ed basedsolely on spatialqueryinformation;
they areindependenbf the nodelocationsin the network or of the disseminatiortree
thatconnectsrodesWe can,however, speakof thevalueof anequivalenceclass—this
is the aggreyateof the datavaluesof sensordocatedin the EC region. Thevalueof an
EC canbe obtainedby a subsebf sensordocatedin the EC region, if anacquisitional
processingtyleis adopted.

Query Vectorsand Query Values: We cannow expressqueriesin termsof ECsas
follows. We numberequivalenceclasseqinsteadof sensorsfrom 1 to , where is
the numberof equivalenceclassesLet denotethe columnvectorin  representing
the valuesof the equivalenceclassesthus, denoteghe sumof (all or a sampleof)
sensoivaluesin . Eachquery is alinear combinationof the setof equivalence
classesandcanbe capturedby arow vectorin . For example,query in Fig. 1
canbe representedsthe vector , sinceit only covers and . The
valueof aquery giventhe ECvalues is simply the product . Giventhe above
representationf thequeriesandEC values,it is naturalto represenaisetof — queries
asan (bit) matrix , in whichthe elements 1 if the thqueryin  covers
the th equialenceclass.Thevalueof thequeryset giventhe EC values is again
givenby the product , whichis a columnvectorin . We oftenreferto therows
of aquery-ECmatrix asqueryvectors, andto the columnsasEC vectos.

Bounding Boxes(BBs): Expressingjueriesin termsof ECsbringsout the dependen-
ciesamongqueries.In orderto exploit thesedependenciefully, eachnodeneedsto
view queriesin the context of its subtreeratherthanthe entirenetwork. Therefore,n
our algorithms,a nodeexpressegjueriesin termsof ECsintersectingwith its subtree;
anEC intersectswith a subtredf ary of the sensomodesin the subtredies within the
ECregion. A node canaccuratelydeterminewhich ECsintersectwith subtree



if it eitherknows thelocationsof all nodesin or recevvesfrom its childrenalist of
all ECsintersectingwith their subtreesBoth approacheareprohibitivein termsof the
communicatiorinvolved.An approximatiorof the setof equivalenceclassesntersect-
ing canbe obtainedf we considetheminimumrectanglehatcontainsall sensors
in thesubtreeThisrectangleas hereaftercalledtheboundingboxof andis denoted
as . Figure 2 depictsthe boundingboxesof the subtreesootedat nodes and
. Notethata boundingbox may containnodeghatdo not belongin the subtreggrey
nodesn Fig. 2).
Queriesand ECs projectedto the bounding box of a subtree:Let denotetheset
of equivalenceclasseshatintersectwith theboundingbox of thesubtree . It iseasy
to seethat is a supersebdf the equivalenceclassegshat actuallyintersectwith the
subtree . For givenqueryset , we let denotethe projectionof onto ;
thatis, we obtain by settingall entriesof  thatappeaiin columnsnotin to
bezero.Duplicateandzerorows areremoved.We extendthe notationtolet  denote
thevectorof projectedeC valuesontothesubtree  (notonto sinceanode
canonly receve valuesgeneratedby its descendantsYhe th entrycorrespond$o the
sumof sensowvaluedying in theintersectiorof andthesubtree . Theentriesof
ECsthatdo notintersectwith aresetto 0. If we denotethevaluesof queries that
arecontributedfrom sensorsn the subtree  as , thenthe vectorof values
of contributedfrom subtree  is

3.2 The Query Preparation (QP) phase

Thequerypreparatiorphaseconsistof threesteps:a bounding-boxcalculationstep,a
querypropagationstep,andan EC evaluationstep Someof our algorithmsfor the RP
phasedo notrequirethe evaluationof ECs,in which casethe laststepis omitted.

Bounding-boxalculation:A disseminatiotreeis rst createdisingasimple ood-
ing algorithm.Giventhe disseminatioriree,eachnode computeghe boundingbox

of its subtree  from the boundingboxes of the subtreesof its children (if
ary) asfollows.If , (resp., )and (resp, ) arethesmallest(resp.largest) - and
-coordinate®f the child boundingboxes,then and form two opposite
cornerpointsof the boundingbox of

Querypropagation: The next stepis to sendqueryinformationdown the dissem-
ination tree. We distinguishquery propagatiorschemes$asedon whetherbounding
boxesareusedto reducethe querypropagatiorcost:(i) AllQueries ood all queriesto
the entirenetwork; (i) BBQueries eachnodepropagateslown only queriesthathave
anon-emptyintersectiorwith its boundingbox. Thisis performedusingsemantiaout-
ing information,discussedn detailin [9]. Oncea noderecevesqueryinformation,it
computedor eachroundin theepochthe setof querieghatareactive in theround.

EC computation:Givena setof  queryrectangleswe cancomputeall the ECs
formedby the  queriesusing a two-dimensionalsweepalgorithmin time
using spaceDue to spaceconstraintsye deferthe algorithmdescriptionand
its analysigto thefull paperUsingthis algorithm,eachnodelocally computeshe ECs
intersectingwith its boundingbox.



3.3 The ResultPropagation(RP) phase

EachRP phaseconsistsof a numberof rounds in which aggreyationresultsare for-
wardedthroughthetreepathsfrom theleavesto thegatevay. Considemresultmessage

sentby anode toits parent . The forwardeddatashouldbe sufcient to eval-
uate , i.e. the contribution of sensorsn to the valuesof the projected
queries . A resultmessage consistsof a pair RESULTCODE RESULTDATA ;

RESULTDATA includesupdatedvalues,andREsuLTCODE encodesvhathasbeenup-
dated shaving how to interpretthe valuesin RESULTDATA.

We now proposea seriesof resultpropagatioralgorithmsall of whichusetheabove
messagdormat. Thesealgorithmscanbe classi ed accordingto four dimensionsThe
rst two dimensionsarethe methodsemployed for computingthe REsuLTCODE and
REsULTDATA componentsThe third dimensionis whetherthe linear reductiontech-
niqueof Sect.2 is applied.Thelastdimensionis whetherthesechoicesareidenticalfor
all nodesyielding a pure algorithm,or thesechoicesmay differ acrossodesyielding
ahybrid algorithm.
Pure algorithms without reduction: We considertwo methodsfor determiningthe
REsuLTCoDE componenbf aresultmessageln Query-encodinga nodesendgo its
parentinformation aboutwhich querieshavebeenupdatedsincethe last round. For-
mally, let be the matrix derived from after removing all queries
(row vectors)that are not affected by the current sensorupdatesin . Both
and agreeon unique labelsfor the queriesin from the integer interval

. Then,RESULTCODE consistof a setof -bit labelslisting thequeries

in . We note that Query-encodingloesnot require computationof
equialenceclasses. In EC-encoding a node sendsto its parentinformation about
which equivalencelassedavebeenupdatedsincethe lastround.Let
be the matrix derived from after removing all ECs (columnvectors)thatdo not
includeary updatedsensorsn (andafterremoving duplicateandzerorows). Since

both and cancompute (i.e. the setof equivalenceclasseghatintersect
with ) they canagreeonauniquelabelin therange for eachequivalence
classin . In EC-encodingResuLTCODE includestheidenti ers of ECs(columns)
of

We alsoconsidetwo methodgfor populatingthe RESULTDATA componenbf are-
sultmessag¢hatanodesenddo its parentin the Query-dataapproachRESULTDATA
is the setof valuesof updatedqueries.In the EC-dataapproachRESULTDATA is the
setof valuesof updatedeC values.

Onecancombinethetwo dimensionsabove to obtainfour differentalgorithmsfor
theRPphaseQueryQueryQueryEC ECQueryandECEC respectiely, wherethe rst
partof the namerefersto the encoding,andthe secondpartto the data.EC-encoding
resultsn messagewith smallerRESULTDATA componentthanQuery-encodingnde-
pendenbf whetherthe Query-datar EC-datgpolicy is used.Thisis becauséoth (row
andcolumn)dimensionof aresmallerthanthoseof .
Thereforejf thecomputationatapabilitiesof thesensonodesallow EC-computations,
thenweonly considelECQueryandECEC.Ontheotherhand,if thecomputationalim-
itations of the sensomodesdo not allow themto computethe ECs,thenQueryQuery



is theonly algorithmof interest. Consequentlywe focusour attentionon threeof these
four algorithms,namely QueryQueryECQuery andECEC

ECQuery: In the RESuLTCODE componenteachnode sendgo theiden-
ti ers of the updatedeCsin the subtreerootedat . In the RESULTDATA com-
ponent,node includesdelta valuesonly of the distinct row vectorsof matrix
. Thatis, query vectorsare projectedonly onto the updatedECs

(columns),andonevalueis sentfor eachdistinctprojectedqueryvector
QueryQuery: In the RESULTCODE componentof the messagahat  sendsto
, it includesthe identi ers of updatedqueries.In RESULTDATA, node in-

cludesdeltavaluesof the distinct row vectorsof matrix . Sincethe
numberof distinctquery(row) vectorsin is largeror equalto their
numberin , thesizeof RESULTDATA in QueryQuerys largeror equal

to its counterpartn ECQuery

ECEC: The REsuLTCODE hereis identicalto that of ECQuery Unlike ECQuery
ECECsendsup ECvaluesin the RESULTDATA componenbf themessagéd-or each
updatedeC in thesubtreejt sendup theaggreyatevalueof all sensorsn theinter-

sectionof the EC andthe subtree

An optimal pure algorithm using linear reduction: Both ECQueryand ECEC de-
creasethe communicationcost of resultpropagatiorby explicitly encodingirregular
updatesAdditional communicatiorsavings canbe achieved by carefully applyingthe
linearreductiontechniqugintroducedn Sect.2) in adistributedmannetrto reducethe
sizeof propagatedregularupdatesWe now presenthealgorithmECReducedwhich
usesEC-encodingandis provably optimal with respectto the amountof resultdata
thatis communicatedThe RP phaseof ECReducedteachnodeconsistf two steps:
i) abasisevaluationstepandii) aresultevaluationstep.Detailedpseudocodéor both
stepds presentedh [8]. Thebasisevaluationstepis executedvheneerthesetof active
querieschangesr the setof updatedECschangesThus,if every queryhasthe same
frequeng andall sensorareupdatedregularly (D-scenario)thenthe basisevaluation
stepis executedonly onceat the beginningof the RP phaseThis stepis the mostcom-
putationallydemandingpartof our algorithmsinceit involvesmatrix linearreduction;
thecompleity of reducingamatrixwith  rowsand columnsis .
Basisevaluationstep:Consideranode with  childrennodesNode initially
performs row-basedinearreductionson matrices , ,

in orderto interpretthe resultsreceived from its children . It dervesa
coefcient matrix for eachchild , suchthattheproductof andthebasisvec-
tors yieldstheoriginal projectedqueries .Node
thenreducests own query-ECmatrix into asetof linearlyindependent
queryvectorsOverall, performs matrix reductions.

Resultevaluationstep: This stepis executedonceperroundof the RP phaseand
it includessimpleoperationsvrt time andmemoryspaceRelyingon the outputof the
basisevaluationstep,node combinegthe incoming(delta)valuesreceived from its
childrenandforwardsa minimum numberof valuesto its parent . Detailsof this
steparegivenin [8]. In summaryfor eachchild , node evaluateshe valuesof
queries(row vectorsof) , basedon the valuesof the basisvectors(re-
ceived from child ) andmatrix (from previous step). Combiningthe valuesof



(andthe nodes own sensowalue),node proceedgso evaluatethe

resultsof queries for the entiresubtree . It is sufcient to evaluate
only the valuesof queriesthatbelongto the basis . Only thoseval-
uesare nally forwardedto theparentnode . Noticethatif all nodesusethesame

algorithmto linearly reducea query matrix, thereis no needto communicatehe se-
lectedbasisvectors;a nodeonly forwardsup the valuesof thesevectorsto its parent.
Thefollowing resultis derivedfrom Theoreml.

Theorem 2. Thesizeof the RESULTDATA componenin the ECReducedlgorithmis
optimal; it is a lower boundonthe sizeof the optimalresultmessge.

Hybrid algorithms with no reduction: Thealgorithmsintroducedsofar areexecuted
in anidenticalmanneiatall nodesWe now considetwo hybridalgorithmsthatperform
differentlyacrossnodesdependingntheload of resultscontributedby theunderlying
subtreesThe rst algorithm,referredto asHybridBasi¢ attemptsto approximatethe
optimal costachievzed by the ECReducedlgorithm,while avoiding the high computa-
tional requirementgor linearreduction.

HybridBasic: Considerthe boundingbox of a nodeandthe setof queriesandECs
intersectingwith the boundingbox. For a given sensoupdaterate,whenthe num-
berof (projected)queriesis small,the numberof (projected)ECsis greaterthanthe
numberof queries.In this case the ECQueryalgorithmis expectedto outperform
the ECECalgorithm.However, for alargenumberof queriegheequivalenceclasses
might befewerthanthe queriesin this casethe ECECalgorithmis expectedo out-
performthe ECQueryalgorithm.The point wherethe two algorithmscrossdepends
onthesensoupdatefrequeng. The HybridBasicalgorithmcombinegshe ECECand
ECQueryapproachesA nodeselectsthe approactthatlocally yieldstheleastcost,
andsendsan additionalbit to denoteits choice.The only constraintis thatif a child
usesthe ECQueryapproachijt only providesinformation aboutthe valuesof up-
datedqueries;hence its parentcanonly implementthe ECQueryapproachOn the
contrary a parentof a nodethatimplementsECECcanimplementeitherof thetwo
approaches.

Surprisingly HybridBasicperformsextremelywell in termsof communicationas
will beshavnin Sect.4, it closelyapproximateshe costof the ECReducedlgorithm,
without requiring a linear reductiontask. In fact, HybridBasic can be viewed as an
approximateapplicationof linearreductionin thefollowing sensetherankof a matrix
is alwayssmalleror equalto the smallestdimensionof the matrix; givena query-EC
matrix, HybridBasiceffectively choosego propagatevaluesof row vectors(queries),
or of columnvectors(ECs)dependingn which onesarefewer. In practice this policy
workswell, sincethe cardinalityof the smallestmatrix dimensionoften coincideswith
the matrix rank.

HybridBasicassumeshateachnodeis ableto evaluateequivalenceclasseswithin
theboundingboxof its subtreeThefollowing algorithm,namedHybridWithThreshold
lifts this requiremenfor nodescloseto the gatavay, whoseboundingboxes overlap
with mary queries.

Hybridw ithThr eshold If theinput queryworkloadis light, EC evaluationfor the
entirenetwork is easyto performlocally at eachnode.Otherwise hodescloseto the



leavesmayopt for local EC computationj.e. computatiorof ECswithin the context
of theboundingbox of thenodes subtree As we approachhegateavay, thebounding
boxof anodessubtreencreasesandsodothenumberof queryrectangleshatinter-
sectwith the boundingbox. The computationatostof evaluatingECsmay become
prohibitively expensve for nodescloseto the gatavay. The HybridWithThreshold
algorithmbehaveslik e the HybridBasicalgorithmat nodesthatareableto perform
EC computationWhentheeffort for EC computatiorexceedsa certainthresholdata
node(its computationatapability),the nodeswitchesto Query-encodin@ndsends
up oneresultperupdatecquery

4 Experimental Evaluation

In this sectionwe measurghe communicatiorcostof the proposedalgorithms using
a home-gravn simulator We also presentour feasibility testof the linear reduction
techniquewhich we performedon the Mica2 mote.In thefull versionof our paper{8]

we evaluatehow the proposedalgorithmstradecommunicatiorfor computation; we
alsoshaw the bene ts of our techniquedy drawing datafrom a real sensometwork
infrastructuredeployedin the Intel Berkeley Researct.ab.

4.1 Synthetic experimental setup

We deploy 400 sensorsn a squareregion of 400  andrandomlyselecttheir and
coordinatego be ary realnumbersn . We ensurethat with a communication
rangeof the randomdeploymentof nodesresultsin a (100%) connectechetwork
(otherwisetherandomdeploymentis repeated)A ooding algorithmis usedto gener
atea minimumspanningreethatconnectsll nodesto the gatavay. Eachnodeselects
asits parenta randomlychosenneighborthat lies on a shortestpathto the root. The
queriesconsideredn our framework are sumqueriesthat cover all sensorsn a rect-
angulararea.ln our experimentsve testa numberof differentqueryworkloads,each
de ned asa setof tuplesof the form (numberOfQueriesninQueryWdth, maxQuery-
Width, minQueryHeightmaxQueryHeight)We assumehatall the queriesin a work-
load have the samefrequeng. We setthe minimum valuesof the query dimensions
(minQueryWdth, minQueryHeight)to and the maximumvaluesto . Given
queryinput patternsarandomworkloadgeneratogeneratespeci c instancesn each
epochthatsatisfythe patterns.The sensoupdateworkloadde nestheprobabilitythat
asensois updatedattheendof around.Givena sensoupdatenput pattern arandom
workloadgeneratoselectsa speci ¢ setof sensord¢o beupdatedn around.

For simplicity, we assumdong-runningqueriesthatare propagatednceat the be-
ginningof anepoch(in the QP phaseandareevaluatedat every roundof theRPphase
until the endof the epoch.Sincethe query propagatiorcostoccursonceperepoch,it
is nggligible comparedo the resultpropagationcostandis not accountedor. In our
evaluation,we measurdhe result(communicationostper round averagedover 200
rounds(10 epochsof 20 roundseach).
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Fig. 3. Comm.costof algorithmgD-scenario). Fig.4. Comm.costof algorithms(I-scenario).

4.2 Communication cost

To make the measurementsf communicatiorcostrealistic,we considera paclet size
of 34 bytes(similar to the size of - usedfor Mica motes)that consistsof a
5-byteheaderanda 29-bytepayload.If the numberof bitsin amessagés , thenthe
communicatiorcostis ; thatis, we accounfor a x edheadercost(5 bytes)
andonly considerx edsizepaclets.Thesizeof eachqueryresultis setto 16 bytes.
Deterministic sensorupdates: In Fig. 3, we comparethe performanceof different
algorithmsas we increasethe numberof queriessenttogetherfor evaluationat the
beginning of an epoch.In this initial experiment,we assumethat all sensorsare up-
datedin eachroundwith probability 1 (D-scenario)We rst compareour techniques
with the existing approachpamelyan extensionof the TAG algorithm[3] to process
multiple queries Sincethis algorithm,which we referto asNoOptimization performs
in-network aggreyationindependenthfor eachquery the average(per round) result
propagatiorcostincreasedinearly in the numberof queries.The performanceadwan-
tageof our proposedechniquess apparentvenfor light queryworkloads.

Figure 3 validatesour analysisof Sect.3.3 that EC-encodingoutperformsQuery-
encoding,if we restrictour attentionto communicationcost. BetweenECQueryand
ECEC,Fig. 3 shows that ECQueryoutperformsE CECfor queryworkloadswith less
than80 queriesbut aswe increase¢he numberof queries the numberof ECsbecame
smallerthanthe numberof queriesandECECwins.

We now considerthe costandbene t of thereductiontechniquan the D-scenario.
Figure 3 shaws that the proposedECReducedlgorithm performsbetterthanall the
other algorithms, thus validating Theorem2. An interestingobsenation is that the
HybridBasicalgorithmperformsalmostaswell asthe ECReducedlgorithm,without
requiringary computationatostfor linear reduction(Fig. 3). This shavs thata very
simple distributed algorithm,which caneasilybe implementedon constrainedsensor
nodesgivesa very goodapproximatiorof the optimalsolution.

In additionto oursimulationsweimplementedhelinearreductiortechniqueonthe
Berkeley Mica2 motes(4MHz ATMEL processor128kBash, 4kB RAM, 4kB ROM)
usingthe NesCprogramminganguageWe measuredhetime in secondsequiredfor
reducingan matrix of oats asafunctionof . Theobsenedtime grows as
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, Whichis consistentvith the complexity of the reductionalgorithm. The code
for matrix reductionwascompiledwith "make mica” to 12604bytesin ROM and428
bytesin RAM. For matricesof dimensionfrom 5 to 15, thelinearreductionalgorithm
takes0.07to 1 secondsbut thealgorithmtime increasesapidly for largermatrices.
Probabilistic sensorupdates:In Fig. 4, we comparealgorithmsaswe vary the proba-
bility thatasensoigenerateanupdatedeadingin agivenround.We setthe numberof
queriego 50.Recallthatin theD-scenariqFig. 3), which correspondso thel-scenario
with probability1, ECQueryis preferredo ECECfor workloadsof lessthan80queries.
As we decreasehe sensorupdateprobability to lessthan 0.6, however, Fig. 4 shavs
thatit becomedene cial for nodesto sendup EC valuesinsteadof queryvaluesin
RESULTDATA. For anupdaterateof 10%,ECECis 30% cheapethanECQuery The
ECReducedalgorithm, which appliesthe linear reductiontechniquein a distributed
manney outperformsall other algorithms(Fig. 4). Moreover, the HybridBasicalgo-
rithm hasa very goodperformanceapproachingloselythe costof ECReduced

In Figs. 5 and 6, we considerthe limited computationalpower of sensomodes.
From the two algorithmsthat do not require EC computation(NoOptimizationand
QueryQuery, we only considerQueryQuerybecausdt hassmallercommunication
cost. Among the algorithmsthat do not perform reductionbut require EC computa-
tion, we only considerHybridBasichecausét hassimilar computationatostwith the
othersyet smallercommunicationcost. We omit ECReducedecauseét requiresma-
trix reductionwithout yielding notevorthy costsavings comparedo HybridBasic In
Figs.5 and 6, we setthe sensormupdateprobabilityto 1 and0.1 respectiely. In both
gures, QueryQueryhasa higher costthan HybridBasic The former algorithm does
not require knowledge of ECs, whereasthe latter assumesnowledge of ECsinde-
pendentof the nodes' computationalcapabilities.We study the performanceof the
HybridWithThresholdalgorithm, wherethe signi cance of the thresholdvalue is as
follows: if the effort of computingECsatanode (measureés ,where isthe
numberof distinct projectedqueriesonto the local boundingbox ) exceedsthe
thresholdvalueat ,thenEC computatiorcannotbeperformedandthenodeswitches
to usingthe QueryQueryalgorithm.Figure 5 shows that aswe increasehe threshold
value (plotted on a logarithmic scale),more nodesare ableto computeECs,andthe
costof HybridWithThresholdapproachethe costof HybridBasic



5 Relatedwork

Query processingin sensornetworks. Several researctgroupshave focusedon in-
network query processingas a meansof reducingenegy consumptionThe TinyDB
Projectat Berkeley investigategjuery processingechniquedor sensometworks in-
cludinganimplementatiorof thesystenontheBerkeley motesandaggrejationqueries
[1-5]. An acquisitionalapproachto query processings proposedin [9], in which
thefrequeng andtiming of datasamplingis discussedThe sensometwork projectat
USCI/ISIgroup[10, 11] proposesnenepgy-ef cient aggreyationtreeusingdata-centric
reinforcemenstrat@ies(directeddiffusion).A two-tier approaci TTDD) for datadis-
seminationto multiple mobile sinksis discussedn [12]. An approximatioralgorithm
for nding an aggreationtree that simultaneouslappliesto a large classof aggre-
gationfunctionsis proposedn [13]. Duplicateinsensitve skethchesor approximate
aggreyatequeriesare discussedn [14,15]. Our study differs from previous work in
thatwe considemulti-queryoptimizationfor sensomnetworks.

Communication protocolsfor sensornetworks. The datadisseminatioralgorithms
that we study in this paperare all aimedat minimizing enegy consumptiona pri-
maryobjectivein communicatiorprotocolsdesignedor senso(andadhoc) networks.
A numberof MAC androuting protocolshave beenproposedo reduceenegy con-
sumptionin sensometworks [16—23] While thesestudiesconsiderMAC androuting
protocolsfor arbitrarycommunicatiorpatternspur studyfocuseson multi-queryopti-
mizationto minimizethe amountof data.

6 Conclusionsand Future Work

Ourwork addresseseveralissuesn theareaof SensoiDatabasedVe have introduced
two majorextensiongo thestandardnodelof executinga singlelong-runningquery:A

workloadof multiple aggreyatequeriesandaworkloadof sensodataupdatesWe have
givenef cient algorithmsfor multi-queryoptimization,andtestedheir performancen

severalscenariosTo thebestof ourknowledgethisis the rst work to formally examine
the problemof multi-queryoptimizationin sensomnetworks.

The main conclusionsdrawvn in this paperare the following: First, the notion of
equialenceclass(EC) is importantfor distributed query evaluation:encodingsensor
updatesin termsof ECs enablesbettercompressiorof the resultmessages.Second,
the resultdatasizeis minimizedfor a certainclassof aggreatequeries(sum,count
andavg) by applyingthe linearreductiontechniquen a distributedmanner Third, in
applicationswvherethe computationallyexpensve taskof linearreductionis infeasible
for thenodesavery goodapproximatiorof theoptimalcanbeobtainedby having each
nodeselectanappropriatdocal dataencodingstrateyy. Thisencodingstrateyy canitself
bede nedin termsof athresholdhatspeci esthe computationalimitation.

Thereareanumberof directionsfor furtherresearchFirst, we wouldlik e to extend
our ideasto a wider classof aggreationfunctions. Secondpur paperhasfocusedon
accuratequeryevaluation.lt would beworthwhileto studyapproximatequeryprocess-
ing and obtain errorenegy tradeofs. We would alsolike to adaptour techniqueso
multi-pathaggreyationmethodghat provide morefault-tolerance.
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