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Abstract

WepresenttheTiny AGgregation(TAG) servicefor ag-
gregationin TinyOS.TAG allows usersto expresssim-
ple, declarative queriesandhave themdistributed and
executedef�ciently in networksof low-power, wireless
sensors.We discussvariousgenericpropertiesof ag-
gregates,andshow how thosepropertiesaffect theper-
formanceof our in-network approach. We include a
performancestudydemonstratingtheadvantagesof our
approachover traditional centralized,out-of-network
methods,anddiscussa varietyof optimizationsfor im-
proving theperformanceandfault-toleranceof thebasic
solution.

1 Intr oduction

Recentadvancesin computingtechnologyhave led to
theproductionof a new classof computingdevice: the
wireless,batterypowered,smartsensor. Thesenew sen-
sorsareactive, full �edgedcomputers,capablenotonly
of measuringreal world phenomenabut also�ltering,
sharing,andcombiningthosemeasurements.Oneex-
ampleof suchsmallsensordevicesarethemotesunder
developmentatUC Berkeley. Currentgenerationmotes
areroughly2cmx 4cmx 1cmandareequippedwith a
radio,a processor, memory, a smallbatterypack,anda
suiteof sensors.The moteoperatingsystem,TinyOS,
providesasetof primitivesdesignedto facilitatethede-
ployment of motesin ad-hocnetworks. In suchnet-
works, devices can locate eachother and route data
without prior knowledgeof or assumptionsaboutthe
network topology, therebyallowing thenetwork topol-
ogy to changeas devices move, run out of power, or
experienceshiftingwavesof interference.

Due to the relative easeof deployment of mote-based
sensornetworks,practitionersin avarietyof �elds have
begun consideringthemfor a rangeof monitoringand
datacollectiontasks.For example: civil engineersare
usingmotesto monitorbuilding integrity duringearth-
quakes[1]; biologistsareplanninga motedeployment
for habitatmonitoringof StormPetrelson GreatDuck
Island [14] off the coastof Maine; administratorsof
largecomputerclustersareinterestedin usingmotesto
monitor the temperatureandpower usagein their data
centers.

Sensorapplicationsdependon the ability to extract
neededdatafrom thenetwork. Often,thisdataconsists
of summaries(or aggregations)ratherthanraw sensor
readings.Otherresearchershave notedthe importance
of dataaggregation in sensornetworks [9, 7, 8], but
this previous work hastendedto view aggregation as
an application-speci�cmechanismthat would be pro-
grammedinto thedevicesonanasneededbasis.In con-
trast,ourpositionis thatbecauseaggregationis socen-
tral to emergingsensornetwork applications,it mustbe
providedasa core serviceby thesystemsoftware.Fur-
thermore,webelieve thatsuchaservicecanandshould
providegenericaggregationfunctionality, allowing it to
be easily invoked and manipulatedby applicationsto
satisfyavariedanddynamicsetof userrequirements.

1.1 The TAG Approach

WehavedevelopedTiny AGgregation(TAG), ageneric
aggregation service for ad hoc networks of TinyOS
motes.Therearetwo essentialattributesof thisservice.
First, it providesa simple,declarative interfacefor ag-
gregation,inspiredby aggregationoperatorsin database
querylanguages.Second,it intelligentlydistributesand
executesaggregationoperatorsin thesensornetwork in
a time andpower-ef�cient manner, and is sensitive to
theresourceconstraintsandlossycommunicationprop-
ertiesof wirelesssensormotenetworks.TAG processes
aggregatesin networkby computingover thedataasit
�o wsthroughthesensors,discardingirrelevantdataand
combiningrelevantreadingsinto morecompactrecords
whenever possible.

TAG operatesas follows: users pose aggregation
queriesfrom a powered,storage-richbasestation.Op-
eratorsthatimplementthequeryaredistributedinto the
network by piggybackingon the existing ad hoc net-
working protocol. Sensorsroutedatabacktowardsthe
userthrougharoutingtreerootedat thebasestation.As
data�o ws up this tree,it is aggregatedaccordingto an
aggregationfunctionandvalue-basedpartitioningspec-
i�ed in thequery. For example,considertheproblemof
countingthenumberof nodesin a network of indeter-
minatesize. First, the requestto countis injectedinto
thenetwork. Then,eachleaf nodein the treereportsa
countof 1 to their parent;interior nodessumthecount
of their children,add 1 to it, and report that value to
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their parent.Countspropagateup the treein this man-
ner, and�o w outat theroot.

1.2 Overview of the Paper

The contributionsof this paperarefour-fold: �rst, we
proposeasimple,SQL-likedeclarative languagefor ex-
pressingaggregationqueriesoverstreamingsensordata
andidentify key propertiesof aggregationfunctionsthat
affect the extent to which they canbe ef�ciently pro-
cessedin-network. Second,we demonstratehow exe-
cuting queriesin-network can yield an order of mag-
nitude reductionin communicationcomparedto cen-
tralizedapproaches.Third, we show that,by adopting
a well-de�ned, declarative query languageas a level
of abstractionbetweenthe userand speci�c network-
ing and routing protocols,a numberof optimizations
canbetransparentlyappliedto furtherreducethedata-
demandson the system.Finally, we show that our fo-
cuson a high-level languageleadsto usefulend-to-end
techniquesfor reducingthe effectsof network losson
aggregateresults.

Theremainderof thepaperis structuredasfollows. In
thenext section,we brie�y overview theTinyOShard-
wareandsoftwareenvironment. Then,we discussthe
syntaxand semanticsof queriesin TAG and classify
thetypesof aggregatessupportedby thesystem,focus-
ing onthecharacteristicsof aggregatesthatimpacttheir
performanceand fault tolerance.We thenpresentthe
core TAG algorithm and show how our solution sat-
is�es the query requirementswhile providing perfor-
manceandtoleranceto network faults.Wediscusssev-
eraloptimizationsfor improving theperformanceof the
basicapproach.Additionally, we includeexperimental
resultsdemonstratingthe effectivenessandrobustness
of our algorithmsin a simulationenvironment,aswell
asa brief studyof a real-world deploymenton TinyOS
motes.Finally, we discussrelatedwork andconclude.

2 Motesand Ad-Hoc Networks
In thissection,we provide abrief overview of themote
hardware architecture,the TinyOS system,and an ad
hocroutingalgorithmfor mote-basedsensornetworks.

CurrentgenerationTinyOS motesareequippedwith a
4Mhz Atmel microprocessorwith 4 kB of RAM and
128kB of codespace,a 917MHz RFM radio running
at 50 kb/s,and512kBof EEPROM. An expansionslot
accommodatesa variety of sensorboardsby exposing
a numberof analoginput linesaswell aspopularchip-
to-chip serial busses.Currentsensoroptionsinclude:
light, temperature,magnetic�eld, acceleration(andvi-
bration),sound,andpower.

Thesingle-channelradiois half duplex, meaningmotes
cannotsendand receive at the sametime. Currently,
the default TinyOS implementationusesa CSMA-like
mediaaccessprotocolwith a randombackoff scheme.

Messagedelivery is unreliableby default, thoughappli-
cationscanbuild upanacknowledgmentlayer. Often,a
messageacknowledgmentcanbeobtainedfor free(see
below in Section2.1).

Power is suppliedvia a free-hangingAA batterypack
or a coin-cellattachedthroughtheexpansionslot. The
effective lifetime of the sensoris determinedby this
power supply. In turn, thepower consumptionof each
sensornodetendsto bedominatedby thecostof trans-
mitting andreceiving messages.In termsof powercon-
sumption,transmittinga singlebit of datais equivalent
to 800instructions.This energy tradeoff betweencom-
municationandcomputationimpliesthatmany applica-
tionswill bene�t by processingthedatainsidethenet-
work ratherthan simply transmittingthe sensorread-
ings. A AA batterypack will allow a sensorto send
5.52million messages(if it doesno othercomputation
andonly powersits radioupto transmit)whichis equiv-
alent to one messageper secondevery day for about
two months– not particularlylong if thegoal is to de-
ploy long lived, zero-maintenancead-hocsensornet-
works.Hence,power-conservingalgorithmsarepartic-
ularly important.As wewill discussin Section4.1, our
designis amenableto very low power modesin which
theradiois keptpowereddown for longperiodsof time.

To understandhow data is routed in our ad-hocag-
gregationnetwork, two propertiesof radiocommunica-
tion needto beemphasized.First, radio is a broadcast
medium,suchthat any sensorwithin hearingdistance
hearsany message,irrespective of whetheror not that
sensoris theintendedrecipient.Second,radiolinks are
typically symmetric: if sensor� canhearsensor

�

, we
assume

�

canhear� . 1

Messagesin the current generationof TinyOS are a
�x ed size – by default, 30 bytes. Eachsensorhasa
uniquesensorID thatdistinguishesit from others.All
messagesspecifytheir recipient(or specifybroadcast,
meaningall available recipients),allowing sensorsto
ignoremessagesnot intendedfor them,althoughnon-
broadcastmessagesare received by all sensorswithin
range– unintendedrecipientssimplydropmessagesnot
addressedto them.

2.1 Ad-Hoc Routing Algorithm
Given this overview of themoteenvironment,we now
discusshow sensorsroute data. One commontech-
nique,whichwedescribehere,is to build aroutingtree.
Note that a numberof alternative techniquesexist for
this purpose;the readeris referredto [20, 9, 8, 10, 2]
for work on routingin sensornetworks. In general,we
requireour routing algorithmto provide two capabili-
ties: �rst, it mustbe able to deliver query requeststo

1Note that this may not be a valid assumptionin somecases.
However, mostad-hocroutingalgorithmsin thenetworking litera-
turealsomake thisassumption[20, 9] .
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all nodesin a network. Second,it mustbeableto pro-
vide oneor moreroutesfrom every nodeto theroot of
thenetwork whereaggregationdatais beingcollected.
Theseroutesmustguaranteethat oneor fewer copies
of every messagearrive (no duplicatesaregenerated).
Work from UCLA ongreedyaggregation[8] is relevant
here: it discusseshow topologyaffects the quality of
in-network aggregates,andpresentsseveralalternatives
for topologyconstruction.

In the tree-basedrouting scheme,one sensoris ap-
pointedto be the root, usuallybecauseit is the point
where the user interfacesto the network. The root
broadcastsa messageaskingsensorsto organizeinto
a routing tree; in that messageit speci�es its own id
and its level, or distancefrom the root (in this case,
zero.) Any sensorwithout anassignedlevel thathears
this messageassignsits own level to bethelevel in the
messageplusone.It alsochoosesthesenderof themes-
sageasits parent, throughwhich it will routemessages
to theroot.

Each of thesesensorsthen rebroadcaststhe routing
message,insertingtheir own ids andlevels. The rout-
ing message�oods down the treein this fashion,with
eachnoderebroadcastingthe messageuntil all nodes
have beenassigneda level anda parent.Theserouting
messagesareperiodicallybroadcastfrom the root, so
that theprocessof topologydiscovery goeson contin-
uously. This constanttopologymaintenancemakes it
relatively easyto adaptto network changescausedby
mobility of certainnodes,or to theadditionor deletion
of sensors.To maintainstability in thenetwork, parents
areretainedunlessa child doesnot hearfrom themfor
somelongperiodof time,atwhichpointit selectsanew
parentusingthis sameprocess.We will look in more
detailat therobustnessof this approachwith respectto
lossandits effecton aggregatevaluesin Section7.

Whena sensorwishesto senda messageto theroot, it
broadcastsa messageaddressedto its parent,which in
turn forwardsthe messageon to its parent,andso on,
eventuallyreachingtheroot. In theSection4, weshow
how, asdatais routedtowardstheroot, it canbecom-
binedwith datafrom othersensorsto ef�ciently com-
bineroutingandaggregation.Now, however, weturnto
thesyntaxandsemanticsof aggregatequeriesin TAG.

3 Query Model and Envir onment
3.1 Query Model

Given our goal of allowing usersto posedeclarative
queriesover sensornetworks, we neededa language
for expressingsuchqueries.Ratherthaninventingour
own, we choseto adopta SQL-stylequerysyntax.We
supportSQL-stylequeries(without joins) over a single
tablecalledsensors , whoseschemais known at the
basestation.As is thecasein Cougar[15], thistablecan

be thoughtof as an append-onlyrelationaltablewith
oneattribute per input of themotes(e.g.,temperature,
light.) In TAG, we focuson the problemof aggregate
sensorreadings,thoughfacilitiesfor collectingindivid-
ual sensorreadingsalsoexist. Queriesin TAG have the
form:

SELECT ��������� ( �	��
�� ), attrs 
 FROMsensors

WHERE� selPreds 


GROUPBY � attrs 


HAVING � havingPreds 


EPOCHDURATION �

With theexceptionof theEPOCHDURATIONclause,
the semanticsof this statementaresimilar to SQL ag-
gregatequeries.TheSELECTclausespeci�esanarbi-
trary arithmeticexpressionover oneor moreaggrega-
tion attributes.Weexpectthatthecommoncasehereis
that ������� will simply bethenameof a singleattribute.
Attrs (optionally)selectstheattributesby which the
sensorreadingsarepartitioned; thesearethesameat-
trs that appearin the GROUPBY clause. The syn-
tax of the ������� clauseis discussedbelow. TheWHERE
clause�lters out individual sensorreadingsbeforethey
areaggregated. Suchpredicatescan typically be exe-
cutedlocally at thesensorbeforereadingsarecommu-
nicated,asin [15, 12]. TheGROUPBYclausespeci�es
anattributebasedpartitioningof thesensors.Logically,
eachsensorreadingbelongsto exactly onegroupin a
query, andtheevaluationof thequeryis atableof group
identi�ers andaggregatevalues. The HAVINGclause
�lters that tableby suppressinggroupsthatdo not sat-
isfy thehavingPreds predicates.

TheprimarysemanticdifferencebetweenTAG queries
and SQL queriesis that the output of a TAG query
is a streamof values, rather than a single aggregate
value (or batchedresult). In monitoring applications,
suchcontinuousresultsare often more useful than a
single, isolatedaggregate, as they allow usersto un-
derstandhow the network is behaving over time and
observe transienteffects(suchasmessagelosses)that
makeindividualresults,takenin isolation,hardto inter-
pret. In thesestreamsemantics, eachrecordconsistsof
one � group id,aggregatevalue� pair pergroup. Each
groupis time-stampedandthereadingsusedto compute
aggregaterecordall belongto the sametime interval,
or epoch. The durationof eachepochis the argument
of theEPOCHDURATIONclause,which speci�esthe
amountof time(in seconds)sensorswait beforeacquir-
ing andtransmittingeachsuccessivesample.Thisvalue
may be aslarge asthe userdesires;it mustbe at least
aslong asthe time it takesfor a sensorto processand
transmita singleradiomessageanddo somelocal pro-
cessing– between10 and20 msfor currentgeneration
sensors. In section4.1, we will discusssituationsin
which a longer lower boundon epochdurationis re-
quired.
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As anexample,considera userwho wishesto monitor
theoccupancy of theconferenceroomson a particular
�oor of a building, which shechoosesto do by using
microphonesensorsattachedto motes,andlooking for
roomswheretheaveragevolumeis oversomethreshold
(assumingthat roomscanhave multiple sensors).Her
querycouldbeexpressedas:

SELECT AVG(volume),room FROMsensors

WHEREfloor = 6

GROUPBY room

HAVING AVG(volume) > thresh

EPOCHDURATION 30s

Thisquerypartitionssensorson the6th �oor according
to the room in which they are located(which may be
a hard-codedconstantin eachsensor, or maybedeter-
minedvia somelocalizationcomponentavailableto the
sensors),andthenreportsall roomswheretheaverage
volumeis overaspeci�edthreshold.Updatesaredeliv-
eredevery30seconds,althoughtheusermayderegister
herqueryatany time.

3.2 Structureof Aggregates

The problemof computingaggregatequeriesin large
clustersof nodeshasbeenaddressedin the context of
shared-nothingparallelqueryprocessingenvironments
[16]. Like sensornetworks,thoseenvironmentsrequire
thecoordinationof a largenumberof nodesto process
aggregations.Thus,while theseverebandwidthlimita-
tions, lossycommunications,andvariabletopologyof
sensornetworksmeansthatthespeci�c implementation
techniquesusedin thetwo environmentsmustdiffer, it
is still useful to leveragethe techniquesfor aggregate
decompositionusedin databasesystems[3, 23].

The approachusedin suchsystems(and followed in
TAG) is to implement�����

� via threefunctions:amerg-
ing function� , aninitializer � , andanevaluator, � .

In general,� hasthefollowing structure:
�������
	��
���������������

where � � � and ��� � aremulti-valuedpartial state
records, computedoveroneor moresensorvalues,rep-
resentingthe intermediatestateover thosevaluesthat
will be requiredto computean aggregate. ��� � is
thepartial-staterecordresultingfrom theapplicationof
function � to � � � and ��� � . For example,if � is
the merging function for AVERAGE, eachpartial state
recordwill consistof apairof values:SUMandCOUNT,
and � is speci�ed as follows, given two staterecords

����� �"!#� � and ���%$&�"!'$ � :
	��
��(*)+�-,�).���/��(10"�2,.03���4�5��(6)*78(109�2,�)*78,.03�

Theinitializer � is neededto specifyhow to instantiatea
staterecordfor asinglesensorvalue;for theanAVER-
AGEoverasensorvalueof � , theinitializer �": �%; returns
thetuple � ���=< � . Finally, theevaluator � takesa par-
tial staterecordand computesthe actualvalue of the

aggregate. For AVERAGE, the evaluator �>: �?�3�"! �@;

simply returns�BAC! .

Thesethreefunctionscaneasilybe derived for theba-
sic SQL aggregates;in general,any operationthat can
be expressedas commutative applicationsof a binary
functionis expressible.

3.3 Taxonomyof Aggregates

Given our basicsyntaxandstructureof aggregates,an
obvious questionremains: what aggregate functions
canbeexpressedin TAG?Theoriginal SQL speci�ca-
tion offers just � ve options: COUNT, MIN, MAX, SUM,
andAVERAGE. Althoughthesebasicfunctionsaresuit-
ablefor a wide rangeof databaseapplications,we did
not wish to constrainTAG to only thesechoices. For
this reason,we presenta generalclassi�cation of ag-
gregatefunctionsandshow how thedimensionsof that
classi�cationaffecttheperformanceof TAGthroughout
thepaper. We will assumethatwhenaggregationfunc-
tionsareregisteredwith TAG, they areclassi�edalong
thedimensionsdescribedbelow.2

Weclassifyaggregatesaccordingto four propertiesthat
areparticularlyimportantto sensornetworks. Table1
shows how speci�c aggregationfunctionscanbe clas-
si�ed accordingto theseproperties,and indicatesthe
sectionsof the paperwherethe variousdimensionsof
theclassi�cationareemphasized.

The �rst dimensionis duplicatesensitivity. Duplicate
insensitiveaggregatesareunaffectedby duplicateread-
ings from a singlesensorwhile duplicatesensitiveag-
gregateswill changewhen a duplicatereadingis re-
ported.Duplicatesensitivity impliesrestrictionsonnet-
work propertiesand on certain optimizations,as de-
scribedin Section7.4.

Second,exemplaryaggregatesreturnoneor morerepre-
sentative valuesfrom thesetof all values;summaryag-
gregatescomputesomepropertyover all values. This
distinction is importantbecauseexemplaryaggregates
behave unpredictablyin the faceof loss, and, for the
samereason,arenotamenabletosampling.Conversely,
for summaryaggregates,theaggregateappliedto asub-
setcanbetreatedasa robustapproximationof thetrue
aggregatevalue,assumingthateitherthesubsetis cho-
senrandomly, or that thecorrelationsin thesubsetcan
beaccountedfor in theapproximationlogic.

Third, monotonicaggregateshave the property that
whentwo partialstaterecords,D1� and DE$ , arecombined
via � , the resultingstaterecord D&F will have the prop-
erty thateither G%D

�
�HD

$
� �>:IDJFK;@LNM�O#PQ: �>:ID

�
;"� �>:ID

$
;+; or

G%DR� �HDJ$&� �>:ID
F

;�SNM�T>UQ: �>:IDR�V;"� �>:IDE$E;+; . This is important
when determininghow far predicates(suchas HAV-

2We omit a detaileddiscussionof how new aggregatefunctions
are registeredwith sensors.For now, assumeaggregatesarepre-
compiledinto sensors.
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MAX, MIN COUNT, SUM AVERAGE MEDIAN COUNTDISTINCT 3 HISTOGRAM4 Section
DuplicateSensitive No Yes Yes Yes No Yes Section7.4
Exemplary(E), Summary(S) E S S E S S Section6.2
Monotonic Yes Yes No No Yes No Section4.2
PartialState Distributive Distributive Algebraic Holistic Unique Content-Sensitive Section5.1

Table1: Classesof aggregates

ING) canbepushedinto thenetwork.

Thefourth dimensionrelatesto theamountof statere-
quiredfor eachpartialstaterecord.For example,apar-
tial AVERAGErecordconsistsof apairof values,while
a partialCOUNTrecordconstitutesonly a singlevalue.
Though TAG correctly computesany aggregate that
conformsto thespeci�cationof � in Section3.1above,
its performanceis inverselyrelatedto theamountof in-
termediatestaterequiredperaggregate. The �rst three
categoriesof this dimensionwereinitially presentedin
theoriginalwork on data-cubes[6].

� In Distributive aggregates,the partial stateis sim-
ply theaggregatefor thepartitionof dataover which
they arecomputed.Hencethesizeof thepartialstate
recordsis thesameasthesizeof the�nal aggregate.

� In Algebraic aggregates,thepartialstaterecordsare
notthemselvesaggregatesfor thepartitions,but areof
constantsize.

� In Holistic aggregates,the partial staterecordsare
proportionalin size to the set of data in the parti-
tion. In essence,for holisticaggregatesno usefulpar-
tial aggregationcanbedone,andall thedatamustbe
broughttogetherto beaggregatedby theevaluator.

� Uniqueaggregatesaresimilar to holisticaggregates,
except that the amountof statethat must be propa-
gatedis proportionalto thenumberof distinctvalues
in thepartition.

� In Content-Sensitiveaggregates, the partial state
recordsareproportionalin sizeto some(perhapssta-
tistical) propertyof the datavaluesin the partition.
Many approximateaggregatesproposedrecently in
thedatabaseliteraturearecontent-sensitive.

In summary, we have classi�ed aggregatesaccording
to their staterequirements,their toleranceof loss,and
duplicatesensitivity, and their monotonicity. We will
refer backto this classi�cation throughoutthe text, as
thesepropertieswill determinetheapplicabilityof com-
municationoptimizationswepresentlater. Understand-
ing how aggregates�t into thesecategoriesis a cross-
cutting issuethat is critical (andgenericallyuseful) in
many aspectsof sensordatacollection.

3The HISTOGRAMaggregatesortssensorreadingsinto �x ed-
width buckets and returnsthe size of eachbucket; it is content-
sensitive becausethe numberof bucketsvariesdependingon how
widely spacedsensorreadingsare.

4COUNTDISTINCT returnsthe numberof distinct valuesre-
portedacrossall sensors.

3.4 Attrib ute Catalog

Queriesin TAG containnamedattributes.Somemech-
anismis neededto allow externalusersto determinethe
setof attributesthey may query, and to allow sensors
to advertisethe attributes they can provide. In TAG,
we includeoneachsensorasmallcatalog of attributes.
This catalogcanbesearchedfor attributesof a speci�c
name,or iteratedthrough. To limit the burdenof re-
portingcataloginformationfrom motes,weassumethe
centralqueryprocessorcachesor storestheattributesof
all motesit mayaccess.

WhenaTAG sensorreceivesaquery, it convertsnamed
�elds into local catalogidenti�ers. Sensorslackingat-
tributesspeci�ed in the query simply tag missingat-
tributesasNULL in theirresultrecords.As in relational
databases,partialstaterecordsresultingfrom theeval-
uationof a queryhave the samelayout acrossall sen-
sors. Thus,tuplesin TAG neednot beself-describing;
attribute namesarenot carriedwith results,leadingto
a signi�cant reductionin theamountof datathatmust
be propagatedwith eachtuple. At the sametime, it is
not necessaryfor all sensorsto have identicalcatalogs,
whichallowsheterogeneoussensingcapabilitiesandin-
crementaldeploymentof motes.

Attributesin TAG maybedirectrepresentationsof sen-
sorvalues,suchaslight or temperature,or may be in-
trospective,suchasremainingenergy or network neigh-
borhoodinformation. More generally, they can rep-
resenttime-varying statisticsover local sensorvalues,
suchasanexponentiallydecayingaverageof thelast �

light readings,or morecomplicatedattributessuchas
a room numberfrom a localizationcomponent. Indi-
vidual software componentsin TinyOS choosewhich
attributesthey will make available,andprovide an ac-
cessorfunctionfor acquiringthenext attributereading.

4 In-Network Aggregates

Giventhesimpleroutingprotocolfrom Section2.1and
our SQL-like querymodel,we now discussthe imple-
mentationof thecoreTAG algorithmfor in-network ag-
gregation.

A naive implementationof sensornetwork aggregation
would be to usea centralized,server-basedapproach
whereall sensorreadingsaresentto the basestation,
which thencomputestheaggregates.In TAG, however,
we computeaggregatesin-network whenever possible,
because,if properlyimplemented,this approachcanbe
lower in numberof messagetransmissions,latency, and
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powerconsumptionthantheserver-basedapproach.We
will measurethe advantageof in-network aggregation
in Section5 below; �rst, wepresentthebasicalgorithm
in detail. We �rst considerthe operationof the basic
approachin the absenceof grouping;we show how to
extendit with groupingin Section4.2.

4.1 Tiny Aggregation

TAG consistsof two phases:a distribution phase,in
which aggregatequeriesarepusheddown into thenet-
work, anda collectionphase,wheretheaggregateval-
ues are continually routed up from children to par-
ents.Recallthatourquerysemanticspartitiontime into
epochsof duration� , andthatwe mustproduceasingle
aggregatevalue(whennotgrouping)thatcombinesthe
readingsof all sensorsin thenetwork duringthatepoch.

Given our goal of usingas few messagesaspossible,
thecollectionphasemustinsurethatparentsin therout-
ing treewait until they have heardfrom their children
beforepropagatingan aggregatevalue for the current
epoch.We will accomplishthis by having parentssub-
divide the epochsuchthat childrenarerequiredto de-
liver theirpartialstaterecordsduringaparent-speci�ed
time interval. This interval is selectedsuchthat there
is enoughtime for the parentto combinepartial state
recordsandpropagateits own recordto its parent.

Whena sensor� receivesa requestto aggregate, � , ei-
ther from anothersensoror from the user, it awakens,
synchronizesits clock accordingto timing information
in themessage,andpreparesto participatein aggrega-
tion. In the treebasedrouting scheme,� choosesthe
senderof themessageasits parent.In additionto thein-
formationin thequery, � includestheinterval whenthe
senderis expectingto hearpartialstaterecordsfrom � .

� thenforwardsthequeryrequest� down thenetwork,
settingthis delivery interval for childrento be slightly
beforethetime its parentexpectsto see� 's partialstate
record.In thetree-basedapproach,thisforwardingcon-
sistsof a broadcastof � , to includeany nodesthat did
not heartheprevious round,andincludethemaschil-
dren(if it hasany.) Thesenodescontinueto forwardthe
requestin this manner, until thequeryhasbeenpropa-
gatedthroughoutthenetwork.

During theepochafterquerypropagation,eachsensor
listensfor messagesfrom its childrenduring the inter-
val it speci�edwhenforwardingthequery. It thencom-
putesa partial staterecordconsistingof the combina-
tion of any child valuesit heardwith its own local sen-
sor readings.Finally, during the transmissioninterval
requestedby its parent,the sensortransmitsthis par-
tial staterecordup thenetwork. Figure1 illustratesthe
process.Notice that parentslisten for longer thanthe
transmissioninterval they speci�ed,to overcomelimita-
tionsin thequalityof clocksynchronizationalgorithms
betweenparentsandchildren. In this way, aggregates

Level 1

Level 2

Level 3

Level 4

Level 5

Time

Tree
Depth

Sensing and Processing,
Radio Idle
Delivery Interval
(Transmitting)

Listening/Receiving

Radio and Processor Idle

End of
Epoch

Start of
Epoch

Root

Figure1: Partial staterecords �owing up the treedur-
ing an epoch.

�o w backup the tree interval-by-interval. Eventually,
a completeaggregatearrivesat the root. During each
subsequentepoch,anew aggregateis produced.Notice
that,for asigni�cant portionof everyepoch,sensorsare
completelyidle andcanentera low power state.

This schemebegs the questionof how parentschoose
the durationof the interval in which they will receive
values. It needsto be long enoughsuch that all of
a node's children can report, but not so long that the
epochendsbeforenodesdeepin the treecanschedule
their communication.Furthermore,longerintervals re-
quireradiosto bepoweredupfor moretime,whichcon-
sumespreciousenergy. In general,the properchoice
of durationfor theseintervalsis somewhatenvironment
speci�c, asit dependson thedensityof radiocellsand
bushinessof thenetwork topology. For thepurposesof
the simulationsand experimentsin this paper, we as-
sumethenetwork hasa maximumdepth

�

, andsetthe
durationof eachinterval to be(EPOCHDURATION)/

�

,
with nodesat level � transmittingduring the ����� inter-
val. We rely on the TinyOS MAC layer [20] to avoid
collisionsbetweensensorstransmittingduringthesame
interval. Note that this providesa lower-boundon the
EPOCHDURATIONandconstrainsthemaximumsam-
ple rateof the network, sincethe epochmustbe long
enoughfor partialstaterecordsfrom thebottomof the
treeto propagateto theroot.

To increasethesamplerate,onecouldconsiderpipelin-
ing the communicationsscheduleshown in Figure 1.
With pipelining,theoutputof thenetwork wouldbede-
layedby oneor moreepochs,assomenodeswouldwait
until the next epochto report the aggregatesthey col-
lectedduring the currentepoch. In exchangefor such
delays,the effective samplerate of the systemis in-
creased(for thesamereasonthatpipelininga long pro-
cessorstageincreasestheclock rateof a CPU.)We do
not considersuchschemesin detailhere;we discussed
afully-pipelinedapproachto aggregationin aworkshop
submission[13].
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In Section5.1we show how TAG canprovide anorder
of magnitudedecreasein communicationscostsover a
centralizedapproach. Before presentingperformance
results,however, we show how to extendtheapproach
to supportgrouping.

4.2 Grouping

Grouping in TAG is functionally equivalent to the
GROUPBY clause in SQL: each sensorreading is
placedinto exactly one group, and groupsare parti-
tionedaccordingto anexpressionover oneor moreat-
tributes.Thebasicgroupingtechniqueis to pushtheex-
pressiondown with thequery, asksensorsto choosethe
groupthey belongto, andthen,asanswers�o w back,
updateaggregatevaluesin theappropriategroups.

Partial staterecordsare aggregatedjust as in the ap-
proachdescribedabove, except that thoserecordsare
now taggedwith a groupid. Whena sensoris a leaf,
it appliesthe groupingexpressionto computea group
id. It then tagsits partial staterecordwith the group
and forwards it on to its parent. When a sensorre-
ceives an aggregatefrom a child, it checksthe group
id. If the child is in the samegroup as the sensor, it
combinesthetwo valuesusingthecombiningfunction

� . If it is in a differentgroup,it storesthevalueof the
child'sgroupalongwith its own valuefor forwardingin
thenext epoch.If anotherchild messagearriveswith a
valuein eithergroup,thesensorupdatestheappropriate
aggregate.During thenext epoch,thesensorwill send
out thevalueof all the groupsit collectedinformation
aboutduringthepreviousinterval, combininginforma-
tion aboutmultiplegroupsinto asinglemessageaslong
asthemessagesizepermits. Figure2 shows anexam-
ple of computinga querygroupedby temperaturethat
selectsaveragelight readings.

Recallthatqueriescanalsocontaina HAVINGclause,
whichconstrainsthesetof groupsin the�nal queryre-
sult. Wesometimespassthispredicateinto thenetwork
along with the groupingexpression. The predicateis
only sentinto thenetwork if it canpotentiallybeused
to reducethenumberof messagesthatmustbesent:for,
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Temp: 20
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Light: 50

Temp: 10
Light: 15
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Light: 25
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1
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1
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1
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SELECT AVG( l i ght ) , t emp/ 10
FROM sensor s
GROUP BY t emp/ 10  

Figure2: A sensornetwork(left) with an in-network,
groupedaggregateappliedto it (right). Parenthesized
numbersrepresentsensorsthatcontributeto theaverage

example,if thepredicateisof theformMAX(attr) �

x, theninformationaboutgroupswith MAX(attr) L

x neednot betransmittedup thetree,andsothepredi-
cateis sentdown into thenetwork. Whenanodedetects
that a groupdoesnot satisfya HAVINGclause,it can
notify othernodesin thenetwork of this informationto
suppresstransmissionandstorageof valuesfrom that
group.NotethatHAVINGclausescanbepusheddown
only for monotonicaggregates;non-monotonicaggre-
gatesarenot amenableto this technique.However, not
all HAVINGpredicatesonmonotonicaggregatescanbe
pusheddown; for example,MAX(attr) � x, cannot
beappliedin thenetwork becausea nodecannotknow
that, just becauseits local valueof � � ��� is lessthan � ,
theMAXover theentiregroupis lessthan � .

Becausethe numberof groupscan exceedavailable
storageon any one (non-leaf)sensor, a way to evict
groupsis needed.Onceaneviction victim is selected,it
is forwardedto thesensor's parent,which maychoose
to hold on to the group or continueto forward it up
the tree. Notice that a singlesensormay evict several
groupsin a singleepoch(or the samegroupmultiple
times,if abadvictim is selected).This is because,once
groupstorageis full, if only onegroupis evicted at a
time,a new eviction decisionmustbemadeevery time
a valuerepresentinganunknown or previously evicted
grouparrives. Becausegroupscanbeevicted,thebase
stationat thetop of thenetwork maybecalleduponto
combinepartial groupsto form an accurateaggregate
value. Evicting partially computedgroupsis known as
partial preaggregation, asdescribedin [11].

Thus,we have shown how to partitionsensorreadings
into a numberof groupsandproperlycomputeaggre-
gatesoverthosegroups,evenwhentheamountof group
informationexceedsavailablestoragein any onesensor.
We will discussexperimentswith groupingandgroup
eviction policies in Section5.2. First, we summarize
someof theadditionalbene�tsof TAG.

4.3 Additional Advantagesof TAG

Theprincipaladvantageof TAGis its ability to dramati-
callydecreasetheamountof communicationrequiredto
computeanaggregateversusa centralizedaggregation
approach.However, TAG hasa numberof additional
bene�ts.

Oneof theseis its ability to tolerateloss. In sensoren-
vironments,it is very likely that someaggregationre-
questsor partial staterecordswill be garbled,or that
sensorswill moveor runoutof power. Theselosseswill
invariably resultin somesensorsbecominglost, either
without a parentor not incorporatedinto the aggrega-
tion network duringtheinitial �ooding phase.If we in-
cludeinformationaboutqueriesin partialstaterecords,
lost nodescanreconnectby listeningto othersensor's
staterecords– not necessarilyintendedfor them– as
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they �o w up the tree. We revisit the issueof loss in
Section7.

A secondadvantageof the TAG approachis that, in
most cases,eachsensoris requiredto transmit only
a singlemessageper epoch,regardlessof its depthin
the routing tree. In thecentralized(non TAG) case,as
dataconvergestowardstheroot,nodesat thetop of the
treearerequiredto transmitsigni�cantly moredatathan
nodesat theleaves;theirbatteriesaredrainedfasterand
thelifetime of thenetwork is limited. Furthermore,be-
causethetopof theroutingtreemustforwardmessages
for every nodein the network, the maximumsample
rateof thesystemis inverselyproportionalto the total
numberof nodes.To seethis, considera radiochannel
with acapacityof � messagespersecond.If � sensors
areparticipatingin a centralizedaggregate,to obtaina
samplerateof

�

samplespersecond,���

�

messages
must�o w throughthe root duringeachepoch. ���

�

mustbeno largerthan � , sothesamplerate
�

canbeat
most ��A

� messagespersensorperepoch,regardlessof
the network density. WhenusingTAG, the maximum
transmissionrateis limited insteadby theoccupancy of
the largestradio-cell; in general,we expect that each
cell will containfar fewer than � motes.

Yet anotheradvantageof TAG is that,by explicitly di-
viding time into epochs,a convenientmechanismfor
idling theprocessoris obtained.Thelong idle timesin
Figure1 show how this is possible;during theseinter-
vals,theradioandprocessorcanbeput into deepsleep
modesthatusevery little power. Of course,someboot-
strappingphaseis neededwheremotescanlearnabout
queriescurrently in the system,acquirea parent,and
synchronizeclocks;asimplestrategy involvesrequiring
thateverynodewakeupinfrequentlybut periodicallyto
advertisethis informationandthatsensorsthathavenot
receivedadvertisementsfrom their neighborslistenfor
several timesthis periodbetweensleepintervals. Re-
searchon energy awareMAC protocols[22] presentsa
similar schemein detail. That work alsodiscussesis-
suessuchas requiredtime synchronizationresolution
andthe maximumsleepdurationto avoid the adverse
effectsof clockskew on individual devices.

Takenasa whole,thesepropertiesprovide userswith a
streamof aggregatevaluesthatchangesassensorread-
ings andthe underlyingnetwork change.Theseread-
ingsareprovidedin anenergy andradio-bandwidthef-
�cient manner.

5 Simulation-BasedEvaluation

In thissection,wepresentasimulationenvironmentfor
TAG andevaluateits behavior usingthissimulator. We
alsohave aninitial, real-world deployment;we discuss
its performanceat theendof thepaper, in Section8.

To study the algorithmspresentedin this paper, we

simulatedTAG in Java. The simulatormodelssensor
behavior at a coarselevel: time is divided into units
of epochs,messagesareencapsulatedinto Java objects
thatarepasseddirectly into sensorswithout any model
of the time to sendor decode.Sensorsareallowed to
computeor transmitarbitrarily within a singleepoch,
andeachsensorexecutesserially. Messagessentby all
sensorsduringoneepocharedeliveredin randomorder
duringthenext epochto modelaparallelexecution.

Our simulationincludesan interchangeablecommuni-
cation model that de�nes connectivity basedon geo-
graphicdistance.Figure3 shows screenshotsof a vi-
sualizationcomponentof our simulation;eachsquare
representsasinglesensor, andshading(in theseimages)
representsthenumberof radiohopsthesensoris from
theroot (center);darker is closer. We measurethesize
of networksin termsof diameter, or width of thesensor
grid (in termsof numberof nodes).Thus,adiameter50
network contains2500sensors.

We have run experimentswith threecommunications
models;1) a simplemodel,wheresensorshave perfect
(lossless)communicationwith their immediateneigh-
bors,whichareregularlyplaced(Figure3(a)),2) a ran-
domplacementmodel(Figure3(b)), and3) a realistic
model that attemptsto capturethe actualbehavior of
the radio on TinyOS motes(Figure3(c).) In the latter
model,noticethat the numberof hopsfrom a particu-
lar nodeto theroot is no longerdirectlyproportionalto
the distancebetweenthe nodeand the root, although
the two valuesare still related. This model usesre-
sults from real world experiments[4] to approximate
theactuallosscharacteristicsof theTinyOSradio.Loss
ratesarehigh in in the realisticmodel: a pair of adja-
centsensorslosesmorethan20%of thetraf�c between
them. Sensorsseparatedby larger distanceslose still
moretraf�c. Notethatthesimulatordoesnotmodelra-
dio contention– we assumethat the datadelivery rate
of the sensorsis low enoughthat the MAC layer can
effectively eliminatecontention.

Thesimulatoralsomodelsthecostsof topologymainte-
nance:if asensordoesnottransmitareadingfor several
epochs(whichwill bethecasein someof ouroptimiza-
tionsbelow), thatsensormustperiodicallysendaheart-
beatto advertisethat it is still alive, so that its parents
andchildrenknow to keeproutingdatathroughit. The
interval betweenheartbeatscan be chosenarbitrarily;
choosinga longerinterval meansfewer messagesmust
be sent,but requiressensorsto wait longerbeforede-
ciding that a parentor child hasdisconnected,making
thenetwork lessadaptableto rapidchange.

This simulationallows us to measurethe the number
of bytes,messages,andpartial staterecordssentover
the radio by eachmote. Sincewe do not simulatethe
moteCPU,it doesnotgiveusanaccuratemeasurement
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(a)Simple (b) Random (c) Realistic

Figure 3: The TAG Simulator, with Three Different
CommunicationsModels,Diameter= 20.

of thenumberof instructionsexecutedin eachmote. It
does,however, allow usto obtainanapproximatemea-
sureof the amountof staterequiredfor variousalgo-
rithms,basedonthesizeof thedatastructuresallocated
by eachmote.

Unlessotherwisespeci�ed, our experimentsare over
thesimpleradiotopologyin which thereis no loss.We
alsoassumesensorvaluesdonotchangeoverthecourse
of a singlesimulationrun.

5.1 Performanceof TAG

In the �rst set of experiments,we comparethe per-
formanceof the TAG in-network approachto central-
ized approacheson queriesfor the differentclassesof
aggregatesdiscussedin Section3.3. Centralizedag-
gregateshave the samecommunicationscost irrespec-
tive of the aggregate function, sinceall datamust be
routedto the root. For this experiment,we compared
thiscostto thenumberof bytesrequiredfor distributive
aggregates(MAXand COUNT), an algebraicaggregate
(AVERAGE), aholisticaggregate(MEDIAN), acontent-
sensitive aggregate (HISTOGRAM), and a unique ag-
gregate(COUNTDISTINCT ); theresultsareshown in
Figure4.

Valuesfor in this experimentrepresentthesteady-state
costto extractanadditionalaggregatefrom thenetwork
oncethequeryhasbeenpropagated;thecostto �ood a
requestdown thetreein not considered.

MAXandCOUNThave thesamecostin-network, about
5000bytesper epoch,sincethey both sendjust a sin-
gle integerperpartialstaterecord;similarly AVERAGE
requiresjust two integers,andthusalwayshasdouble
the costof the distributive aggregates. MEDIANcosts
thesameasa centralizedaggregate,about90000bytes
per epoch,which is signi�cantly moreexpensive than
otheraggregates,especiallyfor largernetworks,aspar-
entshave to forwardall of their children's valuesto the
root. COUNTDISTINCT is only slightly lessexpen-
sive (73000bytes),as thereare few duplicatesensor
values;a lessuniform sensor-value distribution would
reducethecostof this aggregate.For theHISTOGRAM
aggregate,we setthesizeof the�x ed-widthbucketsto
be10; sensorvaluesrangedover theinterval [0..1000].
At about9000messagesperepoch,HISTOGRAMpro-
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videsan ef�cient meansfor extractinga densitysum-
maryof readingsfrom thenetwork.

Note that thebene�t of TAG will be moreor lesspro-
nounceddependingon the topology. In a �at, single-
hop environment, whereall sensorsare directly con-
nectedto theroot,TAG is nobetterthanthecentralized
approach.For a topologywhere� sensorsarearranged
in a line, centralizedaggregateswill require �

$

A�� par-
tial staterecordsto be transmitted,whereasTAG will
requireonly � records.

Thus, we have shown that, for our simulation topol-
ogy, in-network aggregationcanreducecommunication
costsby an order of magnitudeover centralizedap-
proaches,andthat,evenin theworstcase(suchaswith
MEDIAN), it alwaysprovidesperformanceequalto the
centralizedapproach.

5.2 Grouping Experiments

We alsoranseveralexperimentsto measuretheperfor-
manceof groupingin TAG, focusingonthebehavior of
variouseviction techniquesin thecasethat thenumber
of groupsexceedsthestorageavailableon asinglesen-
sor. Wetriedanumberof simpleeviction policies,such
asevicting thegroupwith thefewestmembers,evicting
a randomgroup,andevicting the groupwith the most
members.We foundthat thechoiceof policy madelit-
tle differencefor any of the sensor-value distributions
we tested.This is largely dueto thetreetopology:near
the leavesof thetree,mostsensorswill seeonly a few
groups,and the eviction policy will mattervery little.
At thetoplevelsof thetree,theeviction policy becomes
important,but thecostof forwardingmessagesfrom the
leavesof thetreetendsto dominatethesavingsobtained
at thetop. In themostextremecase,thedifferencebe-
tweenthebestandworstcaseeviction policy accounted
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for lessthan10% of the total messages.We alsoob-
served that,whenevicting, thebestpolicy wasto evict
multiple groupsat a time, up to the numberof group
recordsthat will �t into a single radio message.Due
to spacelimitations,we omit detaildiscussionof these
experiments.

6 Optimizations

In thissection,wepresentseveraltechniquesto improve
theperformanceandaccuracy of thebasicapproachde-
scribedabove. Someof thesetechniquesarefunction
dependent;that is, they can only be usedfor certain
classesof aggregates.Also notethat, in general,these
techniquescanbeappliedin auser-transparentfashion,
sincethey arenot explicitly a part of the querysyntax
anddo notaffect thesemanticsof theresults.

6.1 Taking Advantageof A Shared Channel

In our discussionof aggregationalgorithmsup to this
point,wehavelargelyignoredthefactthatsensorscom-
municateover a sharedradiochannel.Thefactthatev-
erymessageis effectively broadcastto all othersensors
within rangeenablesanumberof optimizationsthatcan
signi�cantly reducethe numberof messagestransmit-
tedandincreasetheaccuracy of aggregatesin the face
of transmissionfailures.

In Section4.3, we saw an exampleof how a shared
channelcan be used to increasemessageef�ciency
when a sensormissesan initial requestto begin ag-
gregation: it caninitiateaggregationevenaftermissing
the startrequestby snoopingon the network traf�c of
nearbysensors.Whenit seesanothersensorreporting
an aggregate,it canassumeit too shouldbe aggregat-
ing. By allowing sensorsto examinemessagesnot di-
rectly addressedto them,sensorsareautomaticallyin-
tegratedinto theaggregation. Note thatsnoopingdoes
not requiresensorsto listenall thetime; by listeningat
prede�nedintervals (which canbe shortoncea sensor
hastime-synchronizedwith its neighbors),sensorscan
keeptheir dutycyclesquitelow.

Snoopingcanalsobeusedto reducethenumberof mes-
sagessentfor certainclassesof aggregates. Consider
computinga MAXover a groupof sensors;if a sensor
hearsapeerreportingamaximumvaluegreaterthanits
local maximum,it canelect to not sendits own value
andbeassuredof notaffectingthevalueof the�nal ag-
gregate.

6.2 HypothesisTesting

Thesnoopingexampleaboveshowedthatweonly need
to hearfrom a particularsensorif that sensor's value
will affect the end value of the aggregate. For some
aggregates,this fact can be exploited to signi�cantly
reducethe numberof nodesthat needto report. This
techniquecanbegeneralizedto anapproachwecall hy-

pothesistesting. For certainclassesof aggregates,if a
nodeis presentedwith a guessasto thepropervalueof
anaggregate,it candecidelocally whethercontributing
its readingand the readingsof its childrenwill affect
thevalueof theaggregate.

For MAX, MIN andothermonotonic,exemplaryaggre-
gates,this techniqueis directly applicable. Thereare
a numberof waysit canbeapplied– thesnoopingap-
proach,wheresensorssuppresstheir local aggregates
if they hearotheraggregatesthat invalidatethantheir
own, is one. Alternatively, the root of thenetwork (or
any subtreeof thenetwork) seekinganexemplarysen-
sorvalue,suchasa MIN, might computetheminimum
sensorvalue � over the highestlevels of the subtree,
and then abort the aggregateand issuea new request
askingfor valueslessthan � over the whole tree. In
this approach,leaf nodesneednot senda messageif
their valueis greaterthanthe minimum observed over
thetop

�

levels;intermediatenodes,however, muststill
forward partial staterecords,so even if their value is
suppressed,they maystill have to transmit.

Assumingfor amomentthatsensorvaluesareindepen-
dent and uniformly distributed, then a particular leaf
nodemust transmitwith probability <JA

���

(where
�

is
the branchingfactor, so <JA

�
�

is the numberof sensors
in the top

�

levels), which is quite low for even small
valuesof

�

. For bushyroutingtrees,this techniqueof-
fersa signi�cant reductionin messagetransmissions–
a completelybalancedroutingtreewould cut thenum-
ber of messagesrequiredto <JA

�

. Of course,the per-
formancebene�t may not be as substantialfor other,
non-uniform,sensorvaluedistributions;for instance,a
distribution in which all sensorreadingsareclustered
aroundtheminimumwill not allow many messagesto
besavedby hypothesistesting.Similarly, lessbalanced
topologies(e.g. a line of sensors)will not bene�t from
thisapproach.

For summaryaggregates,suchasAVERAGEor VARI-
ANCE, hypothesistestingvia a guessfrom theroot can
be applied, althoughthe messagesavings are not as
dramaticaswith monotonicaggregates. Note that the
snoopingapproachcannotbe used: it only appliesto
monotonic,exemplaryaggregateswherevaluescanbe
suppressedlocally withoutany informationfrom acen-
tral coordinator. To obtainany bene�t with summary
aggregatesandhypothesistesting,theusermustde�ne
a �x ed-sizeerrorboundthatheor sheis willing to tol-
erateover the valueof the aggregate;this error is sent
into thenetwork alongwith thehypothesisvalue.

Considerthe caseof an AVERAGE: any sensorthat is
within theerrorboundof thehypothesisvalueneednot
answer– its parentwill then assumeits value is the
sameas the approximateanswerand count it accord-
ingly (for AVERAGEparentsmustknow how many chil-
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drenthey have.) It canbeshown thatthetotalcomputed
averagewill notbeoff from theactualaverageby more
thantheerrorbound,andleafsensorswith valuesclose
to theaveragewill notberequiredto report.Obviously,
thevalueof this schemedependson thedistribution of
sensorvalues. If valuesareuniformly distributed, the
fractionof leavesthatneednot reportapproximatesthe
sizeof theerrorbounddividedby thesizeof thesensor
valuedistribution interval. If valuesarenormally dis-
tributed,a muchlargerfractionof leavesdo not report.

Weconductedasimpleexperimentto measuretheben-
e�t of hypothesistestingandsnoopingfor a MAXag-
gregate. The resultsare shown in Figure 5. In this
experiment,sensorvalueswere uniformly distributed
over the range[0..100], and a hypothesiswas made
at the root. Notice that the performancesavings are
nearly two-fold for a hypothesisof 90. We compared
the hypothesistestingapproachwith the snoopingap-
proach(which will be effective even in a non-uniform
distribution); surprisingly, snoopingbeatthe otherap-
proachesby offering a nearly three-foldperformance
increaseover the no-hypothesiscase. This is because
in the denselypacked simplesensordistribution, most
sensorshave threeor moreneighborsto snoopon,sug-
gestingthatonly aboutonein four sensorswill have to
transmit. With topologymaintenanceand forwarding
of child valuesby parents,the savings by snoopingis
reducedto a factorof three.

7 Impr oving Toleranceto Loss

Up to this point in our experimentswe useda reliable
environmentwhereno messagesweredroppedandno
sensorswerelost. In this section,we addresstheprob-
lem of lossand its effect on the algorithmspresented
thusfar. Unfortunately, lossis aafactof life in thesen-
sordomain;thetechniquesdescribedin thesectionseek
to mitigatethatloss.

7.1 Effectsof A SingleLoss

We �rst studythe effect that a singlesensorgoing of-
�ine hason thevalueof theaggregate;this is animpor-
tantmeasurementbecauseit givessomeintuition about

the magnitudeof error that a single losscangenerate.
Note that, becausewe aredoing hierarchicalaggrega-
tion, asinglesensorgoingof�ine causestheentiresub-
treerootedat thesensorto be(at leasttemporarily)dis-
connected. In this �rst experimentwe usedthe sim-
ple topology, with sensorreadingschosenfrom theuni-
form distributionover [1..1000].After runningthesim-
ulation for several epochs,we selected,uniformly and
at a random,a sensorto disable. In this environment,
childrenof thedisablednodeweretemporarilydiscon-
nectedbut eventuallytheirvalueswerereintegratedinto
theaggregateoncethey rediscoveredtheirparents.Note
that the amountof time taken for lost nodesto rein-
tegrateis directly proportionalto the depthof the lost
sensor, so we did not measureit experimentally. In-
stead,we measuredthemaximumtemporarydeviation
from thetruevalueof theaggregatethatthelosscaused
in theperceived aggregatevalueat theroot duringany
epoch. This maximumwas computedby performing
100runsat eachdatapoint andselectingthelargester-
ror reportedin any run. We alsoreportthe averageof
themaximumerroracrossall 100runs.

Figure6 shows theresultsof thisexperiment.Notethat
the maximumloss(Figure6(a)) is highly variableand
thatsomeaggregatesareconsiderablymoresensitive to
lossthanothers.COUNT, for instance,hasa very large
error in theworstcase:if a nodethatconnectstheroot
to a large portionof thenetwork is lost, the temporary
errorwill beveryhigh. Thevariability in maximumer-
ror is becausea well connectedsubtreeis not always
selectedasthe victim. Indeed,assumingsomeunifor-
mity of placement(e.g. the sensorsare not arranged
in a line), asthenetwork sizeincreases,thechancesof
selectingsucha nodego down, sincea larger propor-
tion of thesensorsaretowardstheleavesof thetree.In
theaveragecase(Figure6(b)), theerrorassociatedwith
a COUNTis not ashigh: mostlossesdo not resultin a
largenumberof disconnections.NotethatMIN is insen-
sitive to lossin this uniform distribution, sinceseveral
nodesareat or nearthe true minimum. The error for
MEDIANandAVERAGEis lessthanCOUNTandmore
than MIN: both are sensitive to the variationsin the
numberof sensors,but notasdramaticallyasCOUNT.

7.2 Effect of the RealisticCommunication Model

In the secondexperiment,we examinehow well TAG
performsin the realistic simulationenvironment(dis-
cussedin Section5 above). In suchan environment,
withoutsometechniqueto counteractloss,alargenum-
ber of partial staterecordswill invariably be dropped
andnot reachthe root of the tree. We ran an experi-
ment to measurethe effect of this loss in the realistic
environment. The simulationran until the �rst aggre-
gatearrivedat theroot,andthentheaveragenumberof
sensorsinvolved in theaggregateover thenext several
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95%con�denceintervals.

epochswasmeasured.The “No Cache”line of Figure
7 shows theperformanceof this approach;at diameter
10,about40%of thepartialstaterecordsarere�ectedin
theaggregateat theroot; by diameter50, this percent-
agehasfallen to lessthan10%. Performancefalls off
asthenumberof hopsbetweentheaveragesensorand
theroot increases,sincetheprobabilityof lossis com-
poundedby eachadditionalhop. Thus,thebasicTAG
approachpresentedsofar, runningoncurrentprototype
hardware (with its very high loss rates),is not highly
tolerantto loss,especiallyfor largenetworks.Notethat
any centralizedapproachwould suffer from the same
lossproblems.

7.3 Child Cache

To improve the quality of aggregates,we proposea
simplecachingscheme:parentsrememberthe partial
staterecordstheirchildrenreportedfor somenumberof
rounds,andusethosepreviousvalueswhennew values
areunavailabledueto lost child messages.As long as
thedurationof this memoryis shorterthanthe interval
atwhichchildrenselectnew parents,thistechniquewill
increasethenumberof nodesincludedin theaggregate
without over-countingany nodes. Of course,caching
tendsto temporallysmeartheaggregatevaluesthatare
computed,andsomaynotalwaysbeapplicable.Gener-
ally, however, we believe thatusingold valuesin place
of missingwill bedesirable.

We conductedsomeexperimentsto show theimprove-
mentthis techniqueoffersover thebasicapproach;we
allocatea�x edsizebuffer ateachnodeandmeasurethe
averagenumberof sensorsinvolved in theaggregation
asin Section7.2above. Theresultsareshown in Figure
7 – noticethateven � ve epochsof cachedstateoffer a
signi�cant increasein thenumberof nodescountedin
any aggregate,and that 15 roundsincreasesthe num-
ber of sensorsinvolved in the diameter50 network to
70%(versuslessthan10%without a cache).Thereare
two drawbacksto caching;First, it usesmemorythat
couldbeusedfor groupstorage.Second,it setsamini-
mumboundonthetimesensorsmustwait beforedeter-
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Figure7: Percentage of NetworkParticipating in Ag-
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mining theirparenthasgoneof�ine; giventhebene�t it
providesin termsof accuracy, however, webelieve it to
be usefuldespitethesedisadvantages.The substantial
bene�t of this techniquesuggeststhatallocatingRAM
toapplicationlevel cachingmaybemorebene�cial than
allocatingit to lower-level schemesfor reliablemessage
delivery, assuchschemescannottake advantageof the
semanticsof thedatabeingtransmitted.

7.4 UsingAvailable Redundancy

BecausetheremaybesituationswheretheRAM or la-
tency costsof the child cacheare not desirable,it is
worthwhile to look at alternative approachesfor im-
proving losstolerance.In thissection,weshow how the
network topologycanbeleveragedto increasethequal-
ity of aggregates.Considera sensorwith two possible
choicesof parentparents:insteadof sendingits aggre-
gatevalueto just oneparent,it cansendit to bothpar-
ents.It is easyfor anodeto discover thatit hasmultiple
parents,sinceit cansimply build a list of nodesit has
heardthatareonestepcloserto theroot. Of course,for
duplicate-sensitive aggregates(seeSection3.3), send-
ing resultsto multipleparentshastheundesirableeffect
of causingthenodeto be countedmultiple times. The
solutionto this is to sendpart of the aggregateto one
parentandthe restto the other. Considera COUNT; a
sensorwith ���N< childrenandtwo parentscansenda
COUNTof �=A�� to bothparentsinsteadof acountof � to
a singleparent. Note that, in general,if the aggregate
canbe linearly decomposedin this fashion,it is possi-
ble to broadcastjust a singlemessagethat is received
andprocessedby bothparents,sothisschemeincursno
messageoverheads,as long asboth parentsareat the
samelevel andrequestdatato be deliveredduring the
samesub-interval of theepoch.

A simple statisticalanalysisreveals the advantageof
doing this: assumethat a messageis transmittedwith
probability � , andthatlossesareindependent,sothatif
a message� from sensorD is lost in transitionto par-
ent

�

� , it is no more likely to be lost in transit to
�

$ .
First, considerthecasewhere D sends� to a singlepar-
ent;theexpectedvalueof thetransmittedcountis �

�

�
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(0 with probability :/< � �%; and � with probability � ),
and the varianceis �

$

�

�

�

:/< � �%; , sincetheseare
standardBernoulli trialswith aprobabilityof success�

multiplied by a constant� . For thecasewhere D sends
�=A�� to bothparents,linearity of expectationtells usthe
expectedvalueis thesumof theexpectedvaluethrough
eachparent,or �

�

�

�

�=A��

�

�

�

� . Similarly, wecan
sumthevariancesthrougheachparentto get:

var =
���

�����

�

�

0

�
	��

�
���

	

� = �

0

�

����	��

�
���

	

�

Thus, the varianceof the multiple parentCOUNTis
much lessthan with just a single parent,althoughits
expectedvalueis thesame.This is becauseit is much
lesslikely (assumingindependence)for themessageto
both parentsto be lost, anda singlelosswill lessdra-
maticallyaffect thecomputedvalue.

We ran an experimentto measurethe bene�t of this
approachin the realistic topology for COUNTwith a
network diameterof 50. We measuredthe numberof
sensorsinvolved in the aggregation over a 50 epoch
period. When sendingto multiple parents,the mean
COUNTwas 974 ( �

������� ), while when sendingto
only oneparent,the meanCOUNTwas94 ( �

���

< ).
Surprisingly, sendingto multiple parentssubstantially
increasesthemeanaggregatevalue;mostlikely this is
dueto the fact that lossesarenot truly independentas
weassumedabove.

This techniqueappliesequallywell to any distributive
or algebraicaggregate. For holistic aggregates,like
MEDIAN, this techniquecannotbe applied,sincepar-
tial staterecordscannotbeeasilydecomposed.

8 Real-World Experiments

Basedon theencouragingsimulationresultspresented
above, we have built an implementationof TAG for
TinyOS Mica motes. The implementationdoesnot
currently includemany of the optimizationsdiscussed
in this paper, but contains the core TAG aggrega-
tion algorithm and catalogsupportfor queryingarbi-
trary attributeswith simplepredicates.In this section,
we brie�y summarizeresults from experimentswith
this implementation,to demonstratethatthesimulation
numbersgivenabove areconsistentwith actualbehav-
ior andto show thatsubstantialreal-world messagere-
ductionsoveracentralizedapproacharepossible.

Theseexperimentsinvolvedsixteensensorsarrangedin
a depthfour tree,computinga COUNTaggregateover
150, 4 secondepochs(a 10 minute run.) No child
cachingor snoopingtechniqueswere used. Figure 8
shows theCOUNTobservedat theroot for acentralized
approach,whereall messagesareforwardedto theroot,
versusthe in-network TAG approach.Notice that the
qualityof theaggregateis substantiallybetterfor TAG;
this is dueto reducedradiocontention.To measurethe
extentof contentionandcomparethemessagecostsof
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the two schemes,we instrumentedmotesto reportthe
numberof messagessentand received. The central-
ized approachrequired4685messages,whereasTAG
required just 2330, representinga 50% communica-
tionsreduction.Thisis lessthantheorder-of-magnitude
shown in Figure4 for COUNTbecauseour real-world
network topologyhada higheraveragefanoutthanthe
simulatedenvironment,so messagesin thecentralized
casehad to be retransmittedfewer times to reachthe
root. Perhoplossrateswereabout5%in thein-network
approach. In the centralizedapproach,increasednet-
work contentiondrove theselossratesto 15%.Thecu-
mulativenatureof lossmeantthatmessagesfrom nodes
at thebottomof theroutingtreesuccessfullydelivered
only about45%of messagesto theroot in thecentral-
izedcase(accountingfor its poorperformance.)

This completesour discussionof algorithmsfor TAG.
We now summarizethe extensive relatedwork in the
networking anddatabasecommunities.

9 RelatedWork

Thedatabasecommunityhasproposedanumberof dis-
tributed and push-down basedapproachesfor aggre-
gatesin databasesystems[16, 21], but theseuniversally
assumea well-connected,low-losstopologythat is un-
available in sensornetworks. The partial preaggrega-
tion techniques[11] usedto enablegroupeviction were
proposedasatechniqueto dealwith verylargenumbers
of groupsto improve the ef�ciency of hashjoins and
otherbucket-baseddatabaseoperators.Thepartial-state
requirementsaggregatespresentedin Section3.3 were
originally partially developedasa part of the research
on data-cubes[6]. [18] discussesonline aggregation
in the context of nested-queries;it proposesoptimiza-
tionsto reducethe�o w of tuplesbetweenouterandin-
nerqueriesthatbearsomesimilaritiesto our technique
for pushingHAVING clausesinto the network. With
respectto query language,our epochbasedapproach
is relatedto languagesand modelsfrom the Tempo-
ral Databaseliterature; see[17] for a survey of rele-
vantwork. TheCougarprojectatCornell[15] discusses
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queriesoversensornetworks,asdoesourown work on
Fjords [12], althoughthe former only considersmov-
ing selections(notaggregates)ontosensorsandneither
presentsspeci�c algorithmsfor usein sensornetworks.

Literatureon active networks [19] identi�ed the idea
that thenetwork couldsimultaneouslyrouteandtrans-
form data,ratherthansimply servingasanend-to-end
dataconduit. Within the sensornetwork community,
work on networks that performdataanalysishasbeen
largely con�ned to the USC/ISI and UCLA commu-
nities. Their work on directeddiffusion [9] discusses
techniquesfor moving speci�c piecesof information
from oneplacein a network to another, andproposes
aggregation-like operationsthatnodesmayperformas
data�o ws throughthem.Work on low-level-naming[7]
proposesa schemefor imposing namesonto related
groupsof sensorsin anetwork, in muchthewaythatour
schemepartitionssensornetworks into groups. Work
on greedyaggregation [8] discussesnetworking pro-
tocols for routing datato improve the extent to which
datacanbe combinedasit �o ws up a sensornetwork
– it provideslow level techniquesfor building routing
treesthat could be useful in computingdatabasestyle
aggregates. Thesepapersrecognizethat aggregation
dramaticallyreducestheamountof dataroutedthrough
the network but presentapplicationspeci�c solutions
that,unlike thedeclarative queryapproachapproachof
TAG, donotoffer anapplicationindependentinterface,
namingsystem,or aggregationmechanism.Finally, we
initially noted the advantagesof a databasestyle ap-
proachto aggregation in a workshoppublication[13].
This work did not includesimulationor real-world ex-
periments,andwasmissingthe taxonomywhich lends
TAG muchof its generality.

Networking protocolsfor routing datain wirelessnet-
works arevery popularwithin the literature[10, 2, 5],
however, noneof them addresshigher level issuesof
data processing,merely techniquesfor data routing.
Our tree-basedrouting approachis clearly inferior to
theseapproachesfor peer to peer routing, but works
well for theaggregationscenarioswe arefocusingon.

10 Conclusions

In summary, we have shown how declarative aggre-
gatequeriescanbedistributedandef�ciently executed
over sensornetworks. Our in-network approachcan
provide an orderof magnitudereductionin bandwidth
consumptionover approacheswheredatais aggregated
and processedcentrally. The declarative query inter-
faceallows end-usersto take advantageof this bene�t
for a wide rangeof aggregateoperationswithout hav-
ing to modify low-level codeor confront the dif�cul-
ties of topologyconstruction,datarouting, loss toler-
ance,or distributedcomputing.Furthermore,this inter-
face,combinedwith tight integrationwith thenetwork

enablestransparentoptimizationsthat further decrease
messagecostsandimprovetoleranceto failureandloss.

As sensornetworks becomemore widely deployed,
especiallyin remote,dif�cult to administerlocations,
bandwidthandpower sensitive methodsto extractdata
from thosenetworks will becomeincreasinglyimpor-
tant. In suchscenarios,we seeTAG asthecentraldata
delivery serviceof TinyOS: the simplicity of declara-
tive queries,combinedwith theability of TAG to ef�-
ciently optimizeandexecutesuchqueriesmakesit an
ideal choicefor a wide rangeof sensornetwork data
processingsituations.
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