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Abstract. Thewidespreaddisseminationof small-scalesensornodeshassparked
interestin apowerful new databaseabstractionfor sensornetworks:Clients“pro-
gram” thesensorsthroughqueriesin ahigh-level declarative languagepermitting
thesystemto performthelow-level optimizationsnecessaryfor energy-ef�cient
queryprocessing.In this paperwe considermulti-queryoptimizationfor aggre-
gatequerieson sensornetworks.We develop a setof distributedalgorithmsfor
processingmultiplequeriesthatincurminimumcommunicationwhile observing
thecomputationallimitationsof thesensornodes.Our algorithmssupportincre-
mentalchangesto the setof active queriesandallow for local repairsto routes
in responseto nodefailures.A thoroughexperimentalanalysisshows that our
approachresultsin signi�cant energy savings,comparedto previouswork.

1 Intr oduction

Wirelesssensornetworks consistingof small nodeswith sensing,computationand
communicationcapabilitieswill soonbeubiquitous.Suchnetworkshaveresourcecon-
straintsoncommunication,computation,andenergy consumption.First,thebandwidth
of wirelesslinks connectingsensornodesis usuallylimited, on theorderof a few hun-
dredKbps, and the wirelessnetwork that connectsthe sensorsprovidesonly limited
quality of service,with variablelatency and droppedpackets.Second,sensornodes
have limited computingpower andmemorysizesthat restrict the typesof datapro-
cessingalgorithmsthatcanbedeployed.Third, wirelesssensorshavelimited supplyof
energy, andthusenergy conservationis amajorsystemdesignconsideration.Recently,
a databaseapproachto programmingsensornetworkshasgainedinterest[1–7], where
thesensorsareprogrammedthroughdeclarativequeriesin a variantof SQL.Sinceen-
ergy is a highly valuableresourceandcommunicationconsumesmostof theavailable
power of a sensornetwork, recentresearchhasfocusedon devising queryprocessing
strategiesthatreducetheamountof datapropagatedin thenetwork.
Our Model andAssumptions.Weassumethatnodesarestationaryandbattery-powered,
andthusseverelyenergyconstrained.Usersinjectqueriesintoaspecialtypeof node,re-
ferredto asa gateway. Thesensornetwork is programmedthroughdeclarativequeries
posedin a variantof SQL or anevent-basedlanguage[1–5]. We concentrateon aggre-
gationqueries,andthesensornetwork performsin-network aggregationwhile routing
datafrom sourcesensorsthroughintermediatenodesto thegateway.
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Existingwork hasfocussedon theexecutionof a singlelong-runningaggregation
query. In our new usagemodel,we allow multiple usersto poseboth long-running
andsnapshotqueries(i.e. queriesexecutedonce).As new queriesoccur, they arenot
sentimmediatelyto the network for evaluation,but aregatheredat the gateway node
into batchesandaredispatchedfor evaluationonceevery epoch. Thequeryoptimizer
groupstogetherquerieswith the sameaggregateoperatorand optimizeseachgroup
separately. Hence,in our presentationof our optimizationtechniques,we assumethat
queriesusethe sameaggregateoperator. Eachepochconsistsof a querypreparation
(QP)anda resultpropagation(RP)phase.In theQPphase,all queriesgatheredduring
the previous epocharesentto the network togetherfor evaluation.In the RP phase,
queryanswersareforwardedbackto thegateway.

Our model is generalenoughto includequerieswith different result frequencies
anddifferent lifespans.Although the algorithmsproposedin this paperapply to this
generalusagemodel,for easeof presentationwewill restrictourdiscussionto asimpler
scenario:all queriesasked in a QP phasehave the sameresult frequency, and their
computationspansa single (andentire)RP phase.The durationof an RP phaseis a
tunableapplication-speci�cparameter. Typically, anRPphaseincludesmultiplerounds
of queryresults.To summarize,anepoch hasa QPandanRPphase,andanRPphase
hasmany roundsin whichqueryresultsarereturnedto thegateway.
The Intelligent National Park. To giveanexampleof ascenariowith multiplequeries,
considerasensornetwork deployedin anationalpark.Visitorsof theparkareprovided
with mobile devicesthat allow themto accessa varietyof informationaboutthesur-
roundinghabitatby issuingqueriesto thenetwork througha specialpurposegateway.
For instance,visitors may wish to know countsof certainanimalspeciesin different
regionsof thepark.Theregion boundarieswill vary dependingon the locationof the
visitors.Thequeriesalsochangewith time,asvisitorsmoveto differentsectionsof the
park,andcertainqueriesaremorepopularthanothers.In addition,thesensorreadings
changeprobabilisticallyasanimalsmovearoundthepark,andtheremight bedifferent
updateratesduringthedaythanatnight.
Our Contrib utions.Thispaperaddressestheproblemof processingmultipleaggregate
queriesin largesensornetworks,andmakesthefollowing contributions:

� Multi-Query Optimization In SensorNetworks: Conceptsand Complexity. We
formally introducetheconceptof resultsharingfor ef�cient processingof multiple
aggregatequeries. We alsoaddresstheproblemof irregular sensorupdatesby de-
velopingresultencodingtechniquesthatsendonly aminimumamountof datathatis
suf�cient to evaluatetheupdatedqueries.Ourresultsharingandencodingtechniques
achieve optimalcommunicationcostfor sumandrelatedqueries(suchascountand
avg). While someof our techniquesalsoextendto maxandmin queries,we show
thattheproblemof minimizingcommunicationcostis NP-hardfor thesequeries[8].

� Distrib uted Deploymentof Multi-Query Optimization. Were�ne ourmulti-query
optimizationalgorithmsto accountfor computationalandmemorylimitationsof sen-
sornodes,andpresentfully distributedimplementationsof our algorithms.Besides
a communication-optimalalgorithm,we proposea near-optimalalgorithmthat sig-
ni�cantly decreasesthe computationaleffort. We show how to tuneour algorithms
to take into accountthenodecomputationalcapabilities,andtherelative energy ex-



pendedfor communicationandfor computation.In [8], we show how to adaptour
algorithmsto link failuresthatchangethestructureof thedisseminationtree.

� Implementation ResultsValidating our Techniques.We presentresultsfrom an
empirical study of our multi-query optimizationtechniqueswith several synthetic
datasetsand realistic multi-query workloads.Our resultsclearly demonstratethe
bene�ts of effective resultsharingandresultencoding.We alsopresenta prototype
implementationon realsensornodesanddemonstratethetime andmemoryrequire-
mentsof runningour codewith differentqueryworkloads.

Relationship to Traditional Approachesfor Multi-Query Optimization (MQO).
Theproblemconsideredin thispaperis signi�cantly differentfrom thetraditionalMQO
problems.The dif�culty in devising ef�cient MQO algorithmsfor sensornetworks is
notonly in �nding commonsubexpressions,but in dealingwith thechallengesof distri-
butionandresourceconstraintsatthenodes.Thispaperis, to thebestof ourknowledge,
the�rst pieceof work to i) formulatethis importantproblem,andii) giveef�cient algo-
rithmswith provableperformanceguaranteesthatareshown to work well in practice.

2 Optimization Problemsand Complexity

We now formally presentthe multi-queryoptimization,andstudy its complexity, fo-
cusingonalgorithmsthataim to minimizethecommunicationcostof queryevaluation
ignoringany computationlimitationsor issuesof distributedimplementation.In Sect.3
we will develop fully distributedalgorithmsthat take into considerationthecomputa-
tion andmemoryconstraintsin sensornetworks.

We considera setof aggregatequeries
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In our multi-queryoptimizationproblem,we aregiven a disseminationtreecon-

nectingthe � sensornodesandthegateway, overwhich theaggregationsareexecuted.
Notethatour solutionsapplyto any giventree.Thegoal is to deviseanexecutionplan
for evaluatingqueries,that minimizestotal communicationcost.The communication
costincludesthecostof querypropagationin theQPphaseandthecostof resultprop-
agationin eachroundof theRPphase.While wediscusstheimplementationof theQP
phasein detail in Sect.3.2,we ignorethequerypropagationcostin thefollowing anal-
ysis,sinceit is negligible comparedto thetotal resultpropagationcosts,whenever the
RPphaseof anepochconsistsof a suf�ciently largenumberof rounds. We consider
two classesof aggregation:(i) min queriesand(ii) sumqueries.Clearlyour resultsfor
minqueriesalsoapplyto max, andourresultsfor sumqueriescanbeextendedto count,
average, momentsandlinearcombinationsin theusualway. For minqueries,weestab-
lish theNP-hardnessof themulti-queryoptimizationproblemusinga straightforrwad
reductionfrom theSetBasisproblem[8].
Complexity of sum Queries: For sumqueriesthe underlyingmathematicalstructure
is a �eld. We canexploit this fact,usingtechniquesfrom linearalgebrato optimizethe



numberof datavaluesthatmustbe communicated.Let + be an arbitrarynodein the
tree.Let ,.-/+10 denotetheparentof + andlet 243 denotethesubtreerootedat + . We
denoteas �5-/+10 thevectorof sensorvaluesin thesubtree263 and
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thesetof query
vectorsprojectedonly ontosensorsin 2 3 .

We presenta simplemethodto minimizetheamountof datathat + sendsto ,.-/+10
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That is, to evaluatethe answersof queriesin
	�7:9

3!;

it suf�ces to know the answers
for any basisof thequeryspacespannedby
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3!;

. Any maximallinearly independent
subsetof
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is a(notnecessarilyorthogonalor normal)basisof thespaceandevery
suchbasishasthesamecardinality. So we canuseany maximallinearly independent
subsetof

	>7�9

3!;

asourbasis,and + canforwardtheanswersof thequeriesin thisbasis
to ,.-O+10 . The parent ,.-/+R0 , usingthe samesetof basisvectors,caneasily interpret
thereducedresultsthatit receivesfrom + . We assumethat + and ,.-/+10 usethesame
algorithmin orderto identify thebasisvectorsof
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, andthefactors
H

' . We refer
to this procedureaslinear reduction.

Theorem1. Thesizeof thequeryresultmessage sentby theabovealgorithmin each
roundis optimal.

3 Multi-Query Optimization

Thelinearreductiontechniqueoutlinedin Sect.2 providesanelegantsolutionfor min-
imizing thecostof processingmultiplesumqueries.However, anumberof systemcon-
siderationshave to betakeninto accountto applyto a realsensornetwork. In this sec-
tion, wedevelopfully distributedmulti-queryoptimizationalgorithmsfor sumqueries.
Dueto spaceconstraints,we do not considerthe impactof failureson our algorithms.
Wereferthereaderto thefull paperfor adiscussiononfailuresanddetailedexperiments
thatmeasurethetradeoff betweencommunicationandcomputationcostin thepresence
of failures[8]. We startour discussionby introducingthenotionof equivalenceclass,
which is centralto thealgorithmsproposedin theremainderof thesection.

3.1 Queriesand equivalenceclasses

Rectangular Queries: We have representedeachqueryasa � -bit vector, where � is
thenumberof sensors.Expressingqueriesin this form requiresthattheuserhavecom-
pleteknowledgeof the sensortopology. It is morenatural,andgenerallymorecom-
pact, to representqueriesspatially. We focusour attentionon queriesthat aggregate
sensorvalueswithin arectangularregion,andrepresentsuchaqueryasapairof points
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0N0 atoppositecornersof therectangle.Sincequeriesdonolongerenu-
meratenodesspeci�cally, we canevenevaluatequeriesin anacquisitionalmanner[9],
e.g.by selectinga sampleof sensorvaluesgeneratedwithin a queryrectangle.



Fig.1. Equivalence classesformed by
threequeries.

Fig.2. The boundingbox of a subtreeis the
minimum rectanglethat covers all sensorsin
thesubtree.Grey nodesrepresentsensorsthat
belongto a boundingbox of a subtreewithout
belongingto thesubtree.

EquivalenceClasses(ECs): To dealef�ciently with rectangularqueriesanddistribu-
tion, we introducethe notion of EquivalenceClass(EC). An equivalenceclassis the
unionof all regionscoveredby thesamesetof queries.For example,Fig. 1 showsthat
queries
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. Noticethatanequivalenceclass
is not necessarilya connectedregion (see

W�X

� ). An equivalenceclassmaycontainno
sensors.Equivalenceclassesareidenti�ed basedsolely on spatialquery information;
they areindependentof thenodelocationsin thenetwork or of thedisseminationtree
thatconnectsnodes.We can,however, speakof thevalueof anequivalenceclass– this
is theaggregateof thedatavaluesof sensorslocatedin theEC region.Thevalueof an
EC canbeobtainedby a subsetof sensorslocatedin theEC region, if anacquisitional
processingstyleis adopted.
Query Vectors and Query Values: We cannow expressqueriesin termsof ECsas
follows. We numberequivalenceclasses(insteadof sensors)from 1 to ` , where ` is
thenumberof equivalenceclasses.Let � denotethecolumnvectorin "ba representing
thevaluesof theequivalenceclasses;thus, �

$

denotesthesumof (all or a sampleof)
sensorvaluesin

WcXE$

. Eachquery
�

is a linear combinationof the setof equivalence
classesandcanbecapturedby a row vectorin
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representationof thequeriesandECvalues,it is naturalto representa setof d queries
asan dfeg` (bit) matrix
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&i0 elementis 1 if the h th queryin
	

covers
the & th equivalenceclass.Thevalueof thequeryset

	

giventheEC values� is again
givenby theproduct
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� , which is acolumnvectorin "

�

. We oftenreferto therows
of a query-ECmatrix asqueryvectors, andto thecolumnsasEC vectors.
Bounding Boxes(BBs): Expressingqueriesin termsof ECsbringsout thedependen-
ciesamongqueries.In order to exploit thesedependenciesfully, eachnodeneedsto
view queriesin thecontext of its subtree,ratherthantheentirenetwork. Therefore,in
our algorithms,a nodeexpressesqueriesin termsof ECsintersectingwith its subtree;
anEC intersectswith a subtreeif any of thesensornodesin thesubtreelies within the
EC region. A node + canaccuratelydeterminewhich ECsintersectwith subtree263 ,



if it eitherknows thelocationsof all nodesin 243 or receivesfrom its childrena list of
all ECsintersectingwith theirsubtrees.Bothapproachesareprohibitivein termsof the
communicationinvolved.An approximationof thesetof equivalenceclassesintersect-
ing 2 3 canbeobtainedif we considertheminimumrectanglethatcontainsall sensors
in thesubtree.This rectangleis hereaftercalledtheboundingboxof 2 3 andis denoted
as <c< 3 . Figure2 depictstheboundingboxesof thesubtreesrootedat nodesMj� and

M4� . Notethataboundingboxmaycontainnodesthatdonotbelongin thesubtree(grey
nodesin Fig. 2).
Queriesand ECsprojectedto the bounding box of a subtree:Let kg3 denotetheset
of equivalenceclassesthatintersectwith theboundingboxof thesubtree2 3 . It is easy
to seethat k 3 is a supersetof theequivalenceclassesthatactuallyintersectwith the
subtree2 3 . For givenqueryset

	

, we let
	

3 denotetheprojectionof
	

on to k 3 ;
that is, we obtain

	

3 by settingall entriesof
	

thatappearin columnsnot in k 3 to
bezero.Duplicateandzerorowsareremoved.We extendthenotationto let �

3 denote
thevectorof projectedEC valuesontothesubtree2

3 (not onto <�<
3 sincea node +

canonly receivevaluesgeneratedby its descendants).The h th entrycorrespondsto the
sumof sensorvalueslying in theintersectionof

W�X
$

andthesubtree2*3 . Theentriesof
ECsthatdonot intersectwith 243 aresetto 0. If wedenotethevaluesof queries

	

that
arecontributedfrom sensorsin thesubtree243 as lm-
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+10 , thenthevectorof values
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3 contributedfrom subtree243 is l.-
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3.2 The Query Preparation (QP) phase

Thequerypreparationphaseconsistsof threesteps:abounding-boxcalculationstep,a
querypropagationstep,andanEC evaluationstep. Someof our algorithmsfor theRP
phasedonot requiretheevaluationof ECs,in whichcasethelaststepis omitted.

Bounding-boxcalculation:A disseminationtreeis �rst createdusingasimple�ood-
ing algorithm.Giventhedisseminationtree,eachnode + computestheboundingbox

<�<o3 of its subtree2*3 from the boundingboxesof the subtreesof its children (if
any) asfollows. If � , (resp.,��p ) and V (resp,V

p ) arethesmallest(resp.,largest) � - and
V -coordinatesof thechild boundingboxes,then -/�

�QV

0 and -S�
p

�QV

p
0 form two opposite

cornerpointsof theboundingboxof + .
Querypropagation: The next stepis to sendqueryinformationdown the dissem-

ination tree. We distinguishquerypropagationschemesbasedon whetherbounding
boxesareusedto reducethequerypropagationcost:(i) AllQueries: �ood all queriesto
theentirenetwork; (ii) BBQueries: eachnodepropagatesdown only queriesthathave
anon-emptyintersectionwith its boundingbox.This is performedusingsemanticrout-
ing information,discussedin detail in [9]. Oncea nodereceivesqueryinformation,it
computesfor eachroundin theepochthesetof queriesthatareactive in theround.

EC computation:Given a setof d queryrectangles,we cancomputeall the ECs
formed by the d queriesusing a two-dimensionalsweepalgorithm in qr-Sd

�

0 time
using qr-/d

�

0 space.Due to spaceconstraints,we deferthealgorithmdescriptionand
its analysisto thefull paper. Usingthis algorithm,eachnodelocally computestheECs
intersectingwith its boundingbox.



3.3 The ResultPropagation(RP) phase

EachRP phaseconsistsof a numberof rounds, in which aggregationresultsarefor-
wardedthroughthetreepathsfrom theleavesto thegateway. Consideraresultmessage
sentby a node + to its parent,.-/+R0 . Theforwardeddatashouldbesuf�cient to eval-
uate lm-

	

3

�

+10 , i.e. the contribution of sensorsin 2I3 to the valuesof the projected
queries

	

3 . A result message consistsof a pair
�

RESULTCODE � RESULTDATA � ;
RESULTDATA includesupdatedvalues,andRESULTCODE encodeswhathasbeenup-
dated,showing how to interpretthevaluesin RESULTDATA.

Wenow proposeaseriesof resultpropagationalgorithms,all of whichusetheabove
messageformat.Thesealgorithmscanbeclassi�edaccordingto four dimensions.The
�rst two dimensionsarethemethodsemployedfor computingthe RESULTCODE and
RESULTDATA components.The third dimensionis whetherthe linear reductiontech-
niqueof Sect.2 is applied.Thelastdimensionis whetherthesechoicesareidenticalfor
all nodes,yieldinga purealgorithm,or thesechoicesmaydiffer acrossnodes,yielding
a hybrid algorithm.
Pure algorithms without reduction: We considertwo methodsfor determiningthe
RESULTCODE componentof a resultmessage.In Query-encoding, a nodesendsto its
parentinformationaboutwhich querieshavebeenupdatedsincethe last round.For-
mally, let s!tUuwvox%yoz{-

	

3
0 be the matrix derived from

	

3 after removing all queries
(row vectors)that are not affected by the current sensorupdatesin 263 . Both +

and ,.-/+10 agreeon unique labels for the queriesin
	

3 from the integer interval
[

K

��|
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|

]

. Then,RESULTCODE consistsof asetof }•~

|

	

3

| -bit labelslisting thequeries
in sEtUuwv€x%y•zw-

	

3€0 . We note that Query-encodingdoesnot requirecomputationof
equivalenceclasses. In EC-encoding, a nodesendsto its parentinformation about
which equivalenceclasseshavebeenupdatedsincethelastround.Let s!tUu

X

xA‚Ozw-

	

3€0

be the matrix derived from
	

3 after removing all ECs(columnvectors)that do not
includeany updatedsensorsin 243 (andafterremoving duplicateandzerorows). Since
both + and ,.-/+R0 cancomputek

3 (i.e. the setof equivalenceclassesthat intersect
with <�<

3 ) they canagreeonauniquelabelin therange[

K

��|

k
3

|

]

for eachequivalence
classin k

3 . In EC-encoding,RESULTCODE includestheidenti�ers of ECs(columns)
of s!tUu

X

xA‚Ozw-

	

3
0 .

Wealsoconsidertwo methodsfor populatingtheRESULTDATA componentof are-
sultmessagethatanodesendsto its parent.In theQuery-dataapproach,RESULTDATA

is thesetof valuesof updatedqueries.In theEC-dataapproach,RESULTDATA is the
setof valuesof updatedEC values.

Onecancombinethetwo dimensionsabove to obtainfour differentalgorithmsfor
theRPphase:QueryQuery, QueryEC, ECQueryandECEC,respectively, wherethe�rst
partof thenamerefersto theencoding,andthesecondpart to thedata.EC-encoding
resultsin messageswith smallerRESULTDATA componentsthanQuery-encoding,inde-
pendentof whethertheQuery-dataor EC-datapolicy is used.This is becauseboth(row
andcolumn)dimensionsof sEtUu

X

xA‚Ozw-

	

3€0 aresmallerthanthoseof sEtDu{v€x%y•zw-

	

3o0 .
Therefore,if thecomputationalcapabilitiesof thesensornodesallow EC-computations,
thenweonlyconsiderECQueryandECEC.Ontheotherhand,if thecomputationallim-
itationsof thesensornodesdo not allow themto computetheECs,thenQueryQuery



is theonly algorithmof interest.Consequently, we focusourattentionon threeof these
four algorithms,namely, QueryQuery, ECQuery, andECEC.

� ECQuery: In theRESULTCODE component,eachnode + sendsto ,.-/+10 theiden-
ti�ers of the updatedECs in the subtreerootedat + . In the RESULTDATA com-
ponent,node + includesdelta valuesonly of the distinct row vectorsof matrix

sEtDu

X

xA‚ƒzw-

	

3€0 . That is, query vectorsare projectedonly onto the updatedECs
(columns),andonevalueis sentfor eachdistinctprojectedqueryvector.

� QueryQuery: In the RESULTCODE componentof the messagethat + sendsto
,.-O+10 , it includesthe identi�ers of updatedqueries.In RESULTDATA, node + in-
cludesdeltavaluesof thedistinct row vectorsof matrix sEtUuwv€x%y•zw-

	

3o0 . Sincethe
numberof distinctquery(row) vectorsin s!tUuwvox%yoz{-

	

3€0 is largeror equalto their
numberin sEtUu

X

xA‚Ozw-

	

3€0 , thesizeof RESULTDATA in QueryQueryis largerorequal
to its counterpartin ECQuery.

� ECEC: The RESULTCODE hereis identicalto that of ECQuery. Unlike ECQuery,
ECECsendsupECvaluesin theRESULTDATA componentof themessage.For each
updatedEC in thesubtree,it sendsup theaggregatevalueof all sensorsin theinter-
sectionof theEC andthesubtree2I3 .

An optimal pure algorithm using linear reduction: Both ECQueryandECECde-
creasethe communicationcostof resultpropagationby explicitly encodingirregular
updates.Additional communicationsavingscanbeachievedby carefullyapplyingthe
linearreductiontechnique(introducedin Sect.2) in a distributedmannerto reducethe
sizeof propagatedirregularupdates.Wenow presentthealgorithmECReducedwhich
usesEC-encoding,andis provably optimal with respectto the amountof resultdata
thatis communicated.TheRPphaseof ECReducedateachnodeconsistsof two steps:
i) a basisevaluationstepandii) a resultevaluationstep.Detailedpseudocodefor both
stepsis presentedin [8]. Thebasisevaluationstepis executedwheneverthesetof active
querieschangesor thesetof updatedECschanges.Thus,if every queryhasthesame
frequency andall sensorsareupdatedregularly (D-scenario),thenthebasisevaluation
stepis executedonly onceat thebeginningof theRPphase.This stepis themostcom-
putationallydemandingpartof our algorithmsinceit involvesmatrix linearreduction;
thecomplexity of reducingamatrix with d rowsand M columnsis qr-/d

M

�

0 .
Basisevaluationstep:Consideranode+ with „�… childrennodes.Node + initially

performs„�… row-basedlinear reductionson matricessEtDu

X

xA‚ƒz{-

	

3‡†
0 , �


ˆK

���������

„�… ,
in order to interpret the resultsreceived from its children +

�%���������

+c‰‹Š . It derivesa
coef�cient matrix Œ

3‡† for eachchild � , suchthattheproductof Œ
35† andthebasisvec-

tors <g-•sEtUu

X

xA‚Ozw-

	

3
†

0Q0 yieldstheoriginalprojectedqueriessEtDu

X

xA‚ƒzw-

	

3
†

0 . Node +

thenreducesits own query-ECmatrix s!tUu

X

xA‚Ozw-

	

3o0 into asetof linearly independent
queryvectors.Overall, + performs„�…�Ž

K

matrix reductions.
Resultevaluationstep:This stepis executedonceper roundof theRP phase,and

it includessimpleoperationswrt time andmemoryspace.Relyingon theoutputof the
basisevaluationstep,node + combinesthe incoming(delta)valuesreceived from its
childrenandforwardsa minimumnumberof valuesto its parent,.-/+R0 . Detailsof this
steparegiven in [8]. In summary, for eachchild +

� , node + evaluatesthe valuesof
queries(row vectorsof) s!tUu

X

xA‚Ozw-

	

3
†

0 , basedon thevaluesof thebasisvectors(re-
ceived from child � ) andmatrix Œo3

†
(from previousstep). Combiningthe valuesof



sEtUu

X

xA‚Ozw-

	

3 † 0 (andthe node's own sensorvalue),node + proceedsto evaluatethe
resultsof queriessEtDu

X

xA‚ƒzw-

	

3€0 for theentiresubtree243 . It is suf�cient to evaluate
only thevaluesof queriesthatbelongto thebasis<g-•sEtUu

X

xA‚Ozw-

	

3€0N0 . Only thoseval-
uesare�nally forwardedto theparentnode,.-/+10 . Noticethatif all nodesusethesame
algorithmto linearly reducea querymatrix, thereis no needto communicatethe se-
lectedbasisvectors;a nodeonly forwardsup thevaluesof thesevectorsto its parent.
Thefollowing resultis derivedfrom Theorem1.

Theorem2. Thesizeof the RESULTDATA componentin theECReducedalgorithmis
optimal; it is a lowerboundon thesizeof theoptimalresultmessage.

Hybrid algorithms with no reduction: Thealgorithmsintroducedsofarareexecuted
in anidenticalmanneratall nodes.Wenow considertwo hybridalgorithmsthatperform
differentlyacrossnodes,dependingon theloadof resultscontributedby theunderlying
subtrees.The �rst algorithm,referredto asHybridBasic, attemptsto approximatethe
optimalcostachievedby theECReducedalgorithm,while avoiding thehigh computa-
tional requirementsfor linearreduction.

� HybridBasic: Considertheboundingbox of a nodeandthesetof queriesandECs
intersectingwith theboundingbox. For a givensensorupdaterate,whenthe num-
berof (projected)queriesis small,thenumberof (projected)ECsis greaterthanthe
numberof queries.In this case,the ECQueryalgorithmis expectedto outperform
theECECalgorithm.However, for a largenumberof queriestheequivalenceclasses
mightbefewer thanthequeries.In thiscase,theECECalgorithmis expectedto out-
performtheECQueryalgorithm.Thepoint wherethetwo algorithmscrossdepends
onthesensorupdatefrequency. TheHybridBasicalgorithmcombinestheECECand
ECQueryapproaches.A nodeselectstheapproachthat locally yields the leastcost,
andsendsanadditionalbit to denoteits choice.Theonly constraintis that if a child
usesthe ECQueryapproach,it only provides information aboutthe valuesof up-
datedqueries;hence,its parentcanonly implementtheECQueryapproach.On the
contrary, a parentof a nodethat implementsECECcanimplementeitherof thetwo
approaches.

Surprisingly, HybridBasicperformsextremelywell in termsof communication;as
will beshown in Sect.4, it closelyapproximatesthecostof theECReducedalgorithm,
without requiring a linear reductiontask. In fact, HybridBasiccan be viewed as an
approximateapplicationof linearreductionin thefollowing sense:therankof amatrix
is alwayssmalleror equalto the smallestdimensionof the matrix; given a query-EC
matrix, HybridBasiceffectively choosesto propagatevaluesof row vectors(queries),
or of columnvectors(ECs)dependingonwhichonesarefewer. In practice,this policy
workswell, sincethecardinalityof thesmallestmatrixdimensionoftencoincideswith
thematrix rank.

HybridBasicassumesthateachnodeis ableto evaluateequivalenceclasseswithin
theboundingboxof its subtree.Thefollowingalgorithm,namedHybridWithThreshold,
lifts this requirementfor nodescloseto the gateway, whoseboundingboxesoverlap
with many queries.

� HybridW ithThr eshold: If the input queryworkloadis light, EC evaluationfor the
entirenetwork is easyto performlocally at eachnode.Otherwise,nodescloseto the



leavesmayopt for localEC computation,i.e. computationof ECswithin thecontext
of theboundingboxof thenode'ssubtree.As weapproachthegateway, thebounding
boxof anode'ssubtreeincreases,andsodothenumberof queryrectanglesthatinter-
sectwith theboundingbox.Thecomputationalcostof evaluatingECsmaybecome
prohibitively expensive for nodescloseto the gateway. The HybridWithThreshold
algorithmbehaveslike theHybridBasicalgorithmat nodesthatareableto perform
ECcomputation.Whentheeffort for ECcomputationexceedsacertainthresholdata
node(its computationalcapability),thenodeswitchesto Query-encodingandsends
uponeresultperupdatedquery.

4 Experimental Evaluation

In this sectionwe measurethecommunicationcostof theproposedalgorithms using
a home-grown simulator. We alsopresentour feasibility testof the linear reduction
technique,whichwe performedon theMica2 mote.In thefull versionof our paper[8]
we evaluatehow the proposedalgorithmstradecommunicationfor computation; we
alsoshow the bene�ts of our techniquesby drawing datafrom a real sensornetwork
infrastructuredeployedin theIntel Berkeley ResearchLab.

4.1 Syntheticexperimentalsetup

We deploy 400sensorsin a squareregion of 400 d

�

andrandomlyselecttheir � and
V coordinatesto beany realnumbersin [ \

�••

\

]

. We ensurethatwith a communication
rangeof •

d the randomdeploymentof nodesresultsin a (100%)connectednetwork
(otherwisetherandomdeploymentis repeated).A �ooding algorithmis usedto gener-
atea minimumspanningtreethatconnectsall nodesto thegateway. Eachnodeselects
asits parenta randomlychosenneighborthat lies on a shortestpathto the root. The
queriesconsideredin our framework aresumqueriesthat cover all sensorsin a rect-
angulararea.In our experimentswe testa numberof differentqueryworkloads,each
de�ned asa setof tuplesof theform (numberOfQueries,minQueryWidth, maxQuery-
Width, minQueryHeight,maxQueryHeight).We assumethatall thequeriesin a work-
load have the samefrequency. We set the minimum valuesof the query dimensions
(minQueryWidth, minQueryHeight)to

K

d and the maximumvaluesto •

\�d . Given
queryinputpatterns,a randomworkloadgeneratorgeneratesspeci�c instancesin each
epochthatsatisfythepatterns.Thesensorupdateworkloadde�nestheprobabilitythat
asensoris updatedat theendof around.Givenasensorupdateinputpattern, arandom
workloadgeneratorselectsaspeci�c setof sensorsto beupdatedin a round.

For simplicity, we assumelong-runningqueriesthatarepropagatedonceat thebe-
ginningof anepoch(in theQPphase)andareevaluatedateveryroundof theRPphase
until theendof theepoch.Sincethequerypropagationcostoccursonceperepoch,it
is negligible comparedto the resultpropagationcostandis not accountedfor. In our
evaluation,we measuretheresult(communication)costper round, averagedover 200
rounds(10epochsof 20 roundseach).
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4.2 Communication cost

To make themeasurementsof communicationcostrealistic,we considera packet size
of 34 bytes(similar to thesizeof 2•q8‘ ’“z�” usedfor Mica motes)that consistsof a
5-byteheaderanda 29-bytepayload.If thenumberof bits in a messageis � , thenthe
communicationcostis •_�*–

•�—�˜

e>™:š ; thatis, weaccountfor a�x edheadercost(5 bytes)
andonly consider�x edsizepackets.Thesizeof eachqueryresultis setto 16bytes.
Deterministic sensorupdates: In Fig. 3, we comparethe performanceof different
algorithmsas we increasethe numberof queriessent togetherfor evaluationat the
beginning of an epoch.In this initial experiment,we assumethat all sensorsareup-
datedin eachroundwith probability 1 (D-scenario).We �rst compareour techniques
with the existing approach,namelyan extensionof the TAG algorithm[3] to process
multiple queries.Sincethis algorithm,which we referto asNoOptimization,performs
in-network aggregation independentlyfor eachquery, the average(per round) result
propagationcostincreaseslinearly in thenumberof queries.Theperformanceadvan-
tageof ourproposedtechniquesis apparentevenfor light queryworkloads.

Figure3 validatesour analysisof Sect.3.3 that EC-encodingoutperformsQuery-
encoding,if we restrictour attentionto communicationcost.BetweenECQueryand
ECEC,Fig. 3 shows that ECQueryoutperformsECECfor queryworkloadswith less
than80 queries,but aswe increasethenumberof queries,thenumberof ECsbecame
smallerthanthenumberof queriesandECECwins.

We now considerthecostandbene�t of thereductiontechniquein theD-scenario.
Figure3 shows that the proposedECReducedalgorithmperformsbetterthanall the
other algorithms,thus validating Theorem2. An interestingobservation is that the
HybridBasicalgorithmperformsalmostaswell astheECReducedalgorithm,without
requiringany computationalcostfor linear reduction(Fig. 3). This shows that a very
simpledistributedalgorithm,which caneasilybe implementedon constrainedsensor
nodes,givesa verygoodapproximationof theoptimalsolution.

In additionto oursimulations,weimplementedthelinearreductiontechniqueonthe
Berkeley Mica2 motes(4MHz ATMEL processor128kB�ash, 4kB RAM, 4kB ROM)
usingtheNesCprogramminglanguage.We measuredthetime in secondsrequiredfor
reducingan d›e1d matrix of �oats asa function of d . The observed time grows as
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0 , which is consistentwith thecomplexity of thereductionalgorithm. Thecode
for matrix reductionwascompiledwith ”make mica” to 12604bytesin ROM and428
bytesin RAM. For matricesof dimensionfrom 5 to 15, thelinearreductionalgorithm
takes0.07to 1 seconds,but thealgorithmtime increasesrapidly for largermatrices.
Probabilistic sensorupdates:In Fig. 4, wecomparealgorithmsaswe vary theproba-
bility thatasensorgeneratesanupdatedreadingin agivenround.Wesetthenumberof
queriesto 50.Recallthatin theD-scenario(Fig. 3),whichcorrespondsto theI-scenario
with probability1,ECQueryis preferredto ECECfor workloadsof lessthan80queries.
As we decreasethe sensorupdateprobability to lessthan0.6, however, Fig. 4 shows
that it becomesbene�cial for nodesto sendup EC valuesinsteadof queryvaluesin
RESULTDATA. For anupdaterateof 10%,ECECis 30%cheaperthanECQuery. The
ECReducedalgorithm,which appliesthe linear reductiontechniquein a distributed
manner, outperformsall other algorithms(Fig. 4). Moreover, the HybridBasicalgo-
rithm hasa verygoodperformance,approachingcloselythecostof ECReduced.

In Figs. 5 and 6, we considerthe limited computationalpower of sensornodes.
From the two algorithmsthat do not requireEC computation(NoOptimizationand
QueryQuery), we only considerQueryQuerybecauseit hassmallercommunication
cost.Among the algorithmsthat do not perform reductionbut requireEC computa-
tion, we only considerHybridBasicbecauseit hassimilar computationalcostwith the
othersyet smallercommunicationcost.We omit ECReducedbecauseit requiresma-
trix reductionwithout yielding noteworthy costsavings comparedto HybridBasic. In
Figs. 5 and6, we set the sensorupdateprobability to 1 and0.1 respectively. In both
�gures, QueryQueryhasa highercost thanHybridBasic. The former algorithmdoes
not requireknowledgeof ECs, whereasthe latter assumesknowledgeof ECs inde-
pendentof the nodes' computationalcapabilities.We study the performanceof the
HybridWithThresholdalgorithm,wherethe signi�cance of the thresholdvalue is as
follows: if theeffort of computingECsat a node + (measuredas d

�

, where d is the
numberof distinct projectedqueriesonto the local boundingbox <�<

3 ) exceedsthe
thresholdvalueat + , thenECcomputationcannotbeperformed,andthenodeswitches
to usingthe QueryQueryalgorithm.Figure5 shows that aswe increasethe threshold
value(plottedon a logarithmicscale),morenodesareableto computeECs,andthe
costof HybridWithThresholdapproachesthecostof HybridBasic.



5 Relatedwork

Query processingin sensornetworks. Several researchgroupshave focusedon in-
network queryprocessingasa meansof reducingenergy consumption.The TinyDB
Projectat Berkeley investigatesqueryprocessingtechniquesfor sensornetworks in-
cludinganimplementationof thesystemontheBerkeley motesandaggregationqueries
[1–5]. An acquisitionalapproachto query processingis proposedin [9], in which
thefrequency andtiming of datasamplingis discussed.Thesensornetwork projectat
USC/ISIgroup[10,11] proposesanenergy-ef�cient aggregationtreeusingdata-centric
reinforcementstrategies(directeddiffusion).A two-tierapproach(TTDD) for datadis-
seminationto multiple mobilesinksis discussedin [12]. An approximationalgorithm
for �nding an aggregationtree that simultaneouslyappliesto a large classof aggre-
gationfunctionsis proposedin [13]. Duplicateinsensitive skethchesfor approximate
aggregatequeriesarediscussedin [14,15]. Our studydiffers from previous work in
thatwe considermulti-queryoptimizationfor sensornetworks.
Communication protocolsfor sensornetworks. The datadisseminationalgorithms
that we study in this paperare all aimedat minimizing energy consumption,a pri-
maryobjective in communicationprotocolsdesignedfor sensor(andadhoc)networks.
A numberof MAC androuting protocolshave beenproposedto reduceenergy con-
sumptionin sensornetworks [16–23] While thesestudiesconsiderMAC androuting
protocolsfor arbitrarycommunicationpatterns,our studyfocuseson multi-queryopti-
mizationto minimizetheamountof data.

6 Conclusionsand Future Work

Ourwork addressesseveralissuesin theareaof SensorDatabases.We have introduced
two majorextensionsto thestandardmodelof executingasinglelong-runningquery:A
workloadof multipleaggregatequeriesandaworkloadof sensordataupdates.Wehave
givenef�cient algorithmsfor multi-queryoptimization,andtestedtheirperformancein
severalscenarios.To thebestof ourknowledgethisis the�rst work to formallyexamine
theproblemof multi-queryoptimizationin sensornetworks.

The main conclusionsdrawn in this paperare the following: First, the notion of
equivalenceclass(EC) is importantfor distributedqueryevaluation:encodingsensor
updatesin termsof ECsenablesbettercompressionof the resultmessages.Second,
the resultdatasize is minimizedfor a certainclassof aggregatequeries(sum,count
andavg) by applyingthe linear reductiontechniquein a distributedmanner. Third, in
applicationswherethecomputationallyexpensive taskof linearreductionis infeasible
for thenodes,averygoodapproximationof theoptimalcanbeobtainedby having each
nodeselectanappropriatelocaldataencodingstrategy. Thisencodingstrategycanitself
bede�ned in termsof a thresholdthatspeci�esthecomputationallimitation.

Thereareanumberof directionsfor furtherresearch.First,wewould like to extend
our ideasto a wider classof aggregationfunctions. Second,our paperhasfocusedon
accuratequeryevaluation.It wouldbeworthwhileto studyapproximatequeryprocess-
ing andobtainerror-energy tradeoffs. We would also like to adaptour techniquesto
multi-pathaggregationmethodsthatprovidemorefault-tolerance.
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