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Abstract

We show how the databasecommunity's notion of a
genericqueryinterfacefor dataaggregationcanbeapplied
to ad-hocnetworksof sensordevices.Ashasbeennotedin
thesensornetworkliterature, aggregationis importantasa
data-reductiontool; networkingapproaches,however, have
focusedon applicationspeci�c solutions,whereasour in-
networkaggregationapproach is driven by a general pur-
pose, SQL-styleinterfacethat canexecutequeriesoverany
typeof sensordata while providing opportunitiesfor sig-
ni�cant optimization. We presenta variety of techniques
to improve thereliability andperformanceof our solution.
We also showhow groupedaggregatescan be ef�ciently
computedand offer a comparisonto relatedsystemsand
databaseprojects.

1. Intr oduction

Recentadvancesin computingtechnologyhave led to
the productionof a new classof computingdevice: the
wireless,batterypowered,smartsensor. Unlike traditional
sensorsdeployedthroughoutbuildings,labs,andequipment
everywhere,thesenew sensorsarenot merelypassive de-
vicesthatmodulateavoltagebasedonsomeenvironmental
parameter:they arefull �edged computers,capableof �l-
tering,sharing,andcombiningsensorreadings.

At UC Berkeley, researchershave developedsmallsen-
sor devicescalledmotes, andan operatingsystem,called
TinyOS,thatis especiallysuitedto runningonthem.Motes
areequippedwith a radio,a processor, anda suiteof sen-
sors.TinyOSmakesit possibleto deploy ad-hocnetworks
of sensorsthatcanlocateeachotherandroutedatawithout
any a priori knowledgeof network topology.

As variousgroupsaroundthecountryhave begunto de-
ploy largenetworksof sensors,a needhasarisenfor tools
to collect andquerydatafrom thesenetworks. Of partic-
ular interestareaggregates– operationswhich summarize
currentsensorvaluesin someor all of a sensornetwork.
For example,givenadensenetwork of thousandsof sensors

queryingtemperature,userswantto know temperaturepat-
ternsin relatively large regionsencompassingtensof sen-
sors– individualsensorreadingsareof little value.

Sensornetworks are limited in externalbandwidth,i.e.
how muchdatathey candeliver to an outsidesystem. In
many casesthe externally available bandwidthis a small
fractionof theaggregateinternalbandwidth.Thuscomput-
ing aggregatesin-network is alsoattractive from a network
performanceand longevity standpoint:extractingall data
overall timefrom all sensorswill consumelargeamountsof
time andpoweraseachindividualsensor'sdatais indepen-
dently routedthroughthe network. Previous studieshave
shown [6] thataggregationdramaticallyreducestheamount
of dataroutedthroughthe network, increasingthroughput
andextendingthe life of batterypoweredsensornetworks
aslessloadis placedonpower-hungryradios.

Previousnetworkingresearch[11, 10, 6] approachedag-
gregationas an applicationspeci�c techniquethat can be
usedto reducetheamountof datathatmustbesentover a
network. In thedatabasecommunity, however, aggregates
areviewedasagenerictechniquethatcanbeappliedto any
data,irrespectiveof theapplication.In this work, we adopt
thisdatabaseintuition: oursystemprovidesagenericaggre-
gation interfacethat allows aggregatequeriesto be posed
overnetworksof sensors.Therearetwo bene�tsof this ap-
proachover thetraditionalnetwork solution:�rst, by de�n-
ing the languagethat usersuseto expressaggregates,we
cansigni�cantly optimizetheir computation.Second,be-
causethe sameaggregationlanguagecanbe appliedto all
datatypes,theburdenonprogrammersis substantiallyless:
they canissuedeclarative,SQLstylequeriesratherthanim-
plementingcustomnetworkingprotocolsto extractthedata
they needfrom thenetwork.

In this paper, we discussthechallengesassociatedwith
implementingthe � ve basicdatabaseaggregates(COUNT,
MIN, MAX, SUM, andAVERAGE) with groupingin ad-hoc
networks of sensors. We show how our this genericap-
proachleadsto a signi�cant power savings. Further, we
show thatsensornetwork queriescanbestructuredastime
seriesof aggregates,and how such queriesadapt to the
changingnetwork structure. We have implementedearly



versionsof thesetechniquesandarein theprocessof exper-
imentallyvalidatingthem.

We begin with the relevant backgroundin the TinyOS
platformonwhichouraggregationalgorithmsaredeployed,
alongwith a brief summaryof aggregationin databasesys-
tems.Following that,we presentour algorithmsfor aggre-
gation,relatedandfuturework, andconclusions.

2. Background

In this section,we �rst discussthe relevant designas-
pectsof the TinyOS operatingsystemand mote architec-
ture. For morecompletetreatmentof thesetopics,refer to
[9, 18, 8]. We thensummarizeaggregationin databasesys-
temsanddiscusshow thosetechniquesprovideausefuland
well de�ned framework for computingaggregatesin sensor
networks.

2.1. Motes

A photographof the current generationof motes is
shown in Figure1. Thesedevicesareequippedwith a4Mhz
Atmel microprocessorwith 512bytesof RAM and8 kB of
codespace,a 917MHz RFM radiorunningat 10 kb/s,and
32kB of EEPROM. An expansionslot accommodatesa va-
riety of sensorboardsby exposinganumberof analoginput
linesaswell aspopularchip-to-chipserialbusses.Current
sensoroptionsinclude: light, temperature,magnetic�eld,
acceleration(andvibration),sound,andpower.

Theradiohardwareusesa singlechannel,anduseson-
off keying. It providesanunbufferedbit-level interface;the
rest of the communicationstack(up to messagelayer) is
implementedby TinyOSsoftware. Like all single-channel
radios,it offersonly a half duplex channel.Currently, the
default TinyOS implementationusesa CSMA-like media
accessprotocol with randombackoff scheme. Message
delivery is unreliableby default, thoughapplicationscan
build up an acknowledgementlayer. Often,a messageac-
knowledgementcanbeobtainedfor free(seebelow in Sec-
tion 2.3).

Figure 1. A TinyOSSensorMote

Power is suppliedvia a free-hangingAA batterypackor
a coin-cellattachedthroughtheexpansionslot.

Theeffective lifetime of thesensoris determinedby its
power supply. In turn, thepower consumptionof eachsen-
sor nodeis dominatedby the cost of transmittingand re-
ceiving messages;including processorcost,sendinga sin-
gle bit of datarequiresabout4000nJ of energy, whereas
a single instructionon a 5mW processorrunningat 4Mhz
consumesonly 5 nJ(see[9]). Thus,in termsof powercon-
sumption,transmittinga singlebit of datais equivalentto
800 instructions.This energy tradeoff betweencommuni-
cationandcomputationimpliesthatmany applicationswill
bene�t by processingthedatainsidethenetwork ratherthan
simply transmittingthesensorreadings.

2.2. TinyOS

TinyOS providesa numberof servicesto greatly sim-
plify writing programsthatcaptureandprocesssensordata
andtransmitmessagesovertheradio.Thereaderis referred
to [8] for detailsof theoperatingsystem.For thepurposes
of thispaper, TinyOSshouldbethoughtof asanAPI which
cansendandreceive messagesandreadfrom sensors.The
next sectiongoesinto somedetailonthemessagingandnet-
working aspectsof TinyOS andwirelesssensors,asthose
aremostrelevantto thetopicof aggregation.

2.3. Ad­hoc SensorNetworks

In this section,we discusshow datais routedin our ad-
hoc aggregationnetwork. To understandthe solution,two
propertiesof radiocommunicationneedto beemphasized.
First, radio is a broadcastmedium,such that any sensor
within hearingdistancecanhearany message,irrespective
of whetheror not it is theintendedrecipient.Second,radio
links aretypically symmetric:if sensor� canhearsensor

�

,
we assumesensor

�

canalsohearsensor� . Note that this
maynot bea valid assumptionin somecases:if � 's signal
strengthis higher, becauseits batteriesarefresheror its sig-
nal is moreampli�ed,

�

will beableto hear � but not reply
to it.

Messagesin thecurrentgenerationof TinyOSarea�x ed
sizepreprogrammedinto sensors– by default,30bytemes-
sagesareused.Eachmessagetypehasamessageid thatdis-
tinguishesit from othertypesof messages.Sensorprogram-
merswrite messageid speci�c handlersthatareinvokedby
TinyOS whena messageof the appropriateid is heardon
the radio. Eachsensorhasa uniquesensorid that distin-
guishesit from othersensors.All messagesspecifytheir re-
cipient (or broadcast,meaningall availablerecipients),al-
lowing sensorsto ignoremessagesnot intendedfor them,
althoughnon-broadcastmessagesmuststill be receivedby



all sensorswithin range– unintendedrecipientssimplydrop
messagesnotaddressedto them.

Given this brief primer on wirelesssensorcommunica-
tion, we now show how sensorsroutedata. The technique
we adoptis to build a routingtree.1 We appointonesensor
to be the root. The root is the point from which the rout-
ing treewill bebuilt, anduponwhich aggregateddatawill
converge. Thus,the root is typically the sensorthat inter-
facesthequeryinguserto therestof thenetwork. Theroot
broadcastsamessageaskingsensorsto organizeinto arout-
ing tree;in thatmessageit speci�esits own id andits level,
or distancefrom the root, which is zero. Any sensorthat
hearsthis messageassignsits own level to be the level in
themessageplusone,if its currentlevel is not alreadyless
thanor equalto thelevel in themessage.It alsochoosesthe
senderof the messageas its parent, throughwhich it will
routemessagesto the root. Eachof thesesensorsthenre-
broadcaststheroutingmessage,insertingtheir own ids and
levels. The routing message�oods down the tree in this
fashion,with eachnoderebroadcastingthe messageuntil
all nodeshave beenassigneda level anda parent. Nodes
that hearmultiple parentschooseonearbitrarily, although
we will discussapproachesin below (Section3.3) where
multiple parentscanbe usedto improve the quality of ag-
gregates. Theserouting messagesare periodicallybroad-
castfrom theroot,sothattheprocessof topologydiscovery
goeson continuously. This constanttopologymaintenance
makesit relatively easyto adaptto network changescaused
bymobility of certainnodes,or to theadditionor deletionof
sensors:eachsensorsimply looksat thehistoryof received
routingmessages,andchoosesthe“best” parent,while en-
suringthatnoroutingcyclesarecreatedwith thatdecision.

This approachmakesit possibleto ef�ciently routedata
towardsthe root. When a sensorwishesto senda mes-
sageto the root, it sendsthe messageto its parent,which
in turn forwardsthe messageon to its parent,andso on,
eventuallyreachingtheroot. Thisapproachdoesn't address
point-to-pointrouting; however, for our purposes,�ooding
aggregationrequestsandrouting repliesup the treeto the
root is suf�cient. We'll seein the Section3 how, asdata
is routedtowardsthe root, it can be combinedwith data
from othersensorsto ef�ciently combinerouting andag-
gregation. First, however, we describehow aggregatesare
expressedin databasesystems.

1Notethat this is oneof many possibletechniquesthatcouldbeused;
the readeris referredto [18, 11, 10, 12, 1] for more information. Our
observationsaboutaggregationof sensordatadonotdependonaparticular
routingtreealgorithm;rather, they exploit thefactthatsuchastructurecan
bebuilt andmaintainedef�ciently in thepresenceof a changingnetwork
topology.

2.4. Aggregationin DatabaseSystems

Aggregationin SQL-baseddatabasesystemsis de�ned
by an aggregate function and a grouping predicate. The
aggregatefunctionspeci�eshow a setof valuesshouldbe
combinedto computeanaggregate;thestandardsetof SQL
aggregatefunctionsis COUNT, MIN, MAX, AVERAGE,
andSUM. Thesecomputetheobviousfunctions;for exam-
ple, theSQL statement:

SELECT AVERAGE(temp) FROMsensors

computesthe averagetemperaturefrom sometablesen-
sors , which representsa setof sensorreadingsthat have
beenreadinto the system.Similarly, the COUNTfunction
countsthenumberof itemsin aset,theMIN andMAXfunc-
tions computeminimal andmaximalvalues,andSUMcal-
culatesthe total of all values.Additionally, mostdatabase
systemsallow user-de�ned functions(UDFs) that specify
morecomplex aggregatesthanthe� ve listedabove.

Groupingis alsoa standardfeatureof databasesystems.
Ratherthanmerelycomputingasingleaggregatevalueover
theentiresetof datavalues,a groupingpredicatepartitions
thevaluesinto groupsbasedon someattribute. For exam-
ple, thequery:

SELECT TRUNC(temp/10), AVERAGE(light)

FROMsensors

GROUPBY TRUNC(temp/10)

HAVING AVERAGE(light) � 50

partitions sensorreadingsinto groupsaccordingto their
temperaturereadingandcomputestheaveragelight reading
within eachgroup. The HAVING clauseexcludesgroups
whoseaveragelight readingsarelessthanor equalto 50.

In the restof this paper, we discussthe challengesas-
sociatedwith implementingthe � ve basicaggregateswith
groupingin ad-hocnetworks of TinyOSsensors.We start
by consideringasingleaggregatebeingcomputedata time,
andthenarguethatoftenusersareinterestedin viewing ag-
gregatesassequencesof changingvaluesovertime. Wedis-
cusstheimplicationof thisassertionin Section6. Through-
out this work, we will assumethe user is stationedat a
desktop-classPC with amplememory. Despitethe simple
appearancesof this architecture,therearea numberof dif-
�culties presentedby thelimited capabilitiesof thesensors,
aswe will seein thenext section.

Throughoutthe following analyses,the focus is on re-
ducing total numberof messagesrequiredto computean
aggregate; this is because,as discussedabove, message
transmissioncoststypically dominateenergy consumption
of sensors,especiallywhenperformingonly simplecompu-
tationsuchasthe� vestandarddatabaseaggregates.



3. GenericAggregationTechniques

A naive implementationof sensornetwork aggregation
wouldbeto useacentralized,server-basedapproachwhere
all sensorreadingsaresentto thehostPC,which thencom-
putesthe aggregates. However, as was shown in [6], a
distributed,in-networkapproachwhereaggregatesarepar-
tially or fully computedby thesensorsthemselvesasread-
ings are routedthroughthe network towardsthe host-PC
canbe considerablymoreef�cient. In this section,we fo-
cus on the in-network approach,because,if properly im-
plemented,it hasthepotentialto bebothlower latency and
lowerpower thantheserverbasedapproach.

To illustrate the potentialadvantagesof the in-network
approach,considerthesimpleexampleof computinganag-
gregateover a groupof sensorsarrangedasshown in Fig-
ure2. Dottedlinesrepresentconnectionsbetweensensors,
solid linesrepresenttheroutingtreeimposedon top of this
graph(as discussedabove) to allow sensorsto propagate
datato the root alonga singlepath. In the centralizedap-
proach,eachsensorvaluemustberoutedto theroot of the
network; for anodeatdepth� , thisrequiresn-1messagesto
be transmittedpersensor. Thesensorsin Figure2(a)have
beenlabeledwith their distancefrom the root; summing
thesenumbersgivesa total of sixteenmessagesrequiredto
routeall aggregationinformationto theroot. Contrastthis
with the sensorsin Figure2(b): sensorswith no children
simply transmittheir readingsto their parents.Intermedi-
atenodes(with children)combinetheir own readingswith
the readingsof their childrenvia the aggregationfunction

�

andpropagatethepartialaggregate,alongwith any extra
datarequiredto updatetheaggregate,up thetree.

Notice that the amountof data transmittedin this so-
lution dependson the aggregate. Considerthe AVERAGE
function: at eachintermediatenode � , the sumandcount
of all children's sensorreadingsareneededto computethe
averageof sensorreadingsof the subtreerootedat � . We
assumethat,in thecaseof AVERAGE,bothpiecesof infor-
mationwill easily�t into asingle30bytemessage.Thus,a
total of � ve messagesneedto besentfor theaveragefunc-
tion. In thecaseof theotherstandardSQL aggregates,no
additionalstateis required: COUNT, MIN, MAX, andSUM
canbe computedby a parentnodegiven sensoror partial
aggregatevaluesatall of thechild nodes.

In this work we focus on a classof aggregationpred-
icates that is particularly well suited to the in-network
regime. Suchaggregatescanbeexpressedasanaggregate
function

�

over thesets� and
�

suchthat:

���

���

���	��

�����

�

��

���

�����

(1)

We focusedon this classof aggregatesfor two reasons:
�rst thebasicSQLaggregatesall exhibit theaboveproperty,
andsecondbecausetheproblemswith thissubstructuremap
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Figure 2. Server-based(a) versusIn-network(b) ag-
gregation. In (a), each nodeis labelledwith thenum-
berof messagesrequiredto getdatato thehostPC: a
total of 16 messagesare required. In (b), only one
message is sentalong each edge as aggregation is
performedby thesensors themselves.

easily onto the underlyingnetwork. We expect to tackle
more generalizedaggregationpredicates,suchasmedian,
in a futurework.

For thereasonsdescribedabove,in network aggregation
is alwaysa superiorchoice. Given the in-network regime,
we next givea brief descriptionof how aggregationqueries
arepusheddown into a sensornetwork andhow resultsare
returnedto the user. For the purposesof this discussion,
weassumeaggregatequeriesdonotspecifygroups;queries
with groupsare discussedin Section4. Then, in the re-
mainderof thissection,weexamineotherproblemsthatcan
arisein ad-hocsensorenvironmentsandsketchpossibleso-
lutions.

3.1. Injecting a Query

Computinganaggregateconsistsof two phases:a prop-
agationphase,in whichaggregatequeriesarepusheddown
into sensornetworks,andanaggregationphase,wherethe
aggregatevaluesare propagatedup from children to par-
ents. The most basicapproachto propagationworks just
like the network discovery algorithmdescribedabove, ex-
ceptthat leaf nodes(nodeswith no children)mustdiscover
thatthey areleavesandpropagatesingularaggregatesup to
their parents.Thus,whena sensor� receivesanaggregate

� , eitherfrom anothersensoror from theuser, it transmits�

andbeginslistening.If � hasany children,it will hearthose
childrenre-transmit� to their children,andwill know it is
nota leaf. If, aftersometime interval � , � hasheardnochil-
dren,it concludesit is a leafandtransmitsits currentsensor



valueup theroutingtree. If � haschildren,it assumesthey
will all reportwithin time � , andsoaftertime � it computes
thevalueof � appliedto its own valueandthevaluesof its
childrenandforwardsthis partialaggregateto its parent.

Noticethatchoosingtooshortadurationfor � canleadto
missedreportsfrom children,andalsothatthepropervalue
of � variesdependingon thedepthof the routing tree. We
will discussa possiblesolutionto this problemin thenext
section;for now, assumethat � is setto belong enoughthat
themessagehastimeto propagatedown to all leavesbelow

� andback,or, numerically:

�

����� �����	�
����
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��
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(2)

where � � �!�

�

is the time to senda messageand
�

�
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is
thetime to processanaggregationrequest.Empiricalstud-
iessuggestthat

�

�������
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needsto be200or more
milliseconds.Thetime to transmita 30-bytemessageon a
10kbit radio is about50 ms: eachnibble mustbe DC bal-
anced(have the samenumberof onesandzeros),costing
extra bits. This, plus theoverheadof simpleforwarderror
correction,meansthatfor everybyte,18bitsmustbetrans-
mitted;18 * 30 bytes/ 10000bits / sec= 50ms.Computa-
tion time is small, but signi�cantly morethan50 ms must
beallocatedperhopto accountfor differencesin clocksyn-
chronizationbetweensensorsandrandomcollision detec-
tion back-off thatsensorsengagein. Thus,for a deepsen-
sornetwork, computinga singleaggregatecantake several
seconds.In thenext section,we will seethattheunreliable
communicationinherentto sensornetworks, coupledwith
suchlong computationtimesmake this simplein-network
approachundesirable.

3.2. StreamingAggregates

Sensornetworksareinherentlyunreliable:individual ra-
dio transmissioncanfail, nodescanmove,andsoon. Thus,
it is veryhardto guaranteethatasigni�cant portionof asen-
sornetwork wasnot detachedduringa particularaggregate
computation. Consider, for example,what happenswhen
a sensor, � , broadcasts� and its only child, % , somehow
missesthemessage(perhapsbecauseit wasgarbledduring
transmission.)& will neverhear% rebroadcast,andwill as-
sumethatit hasno childrenandthatit shouldforwardonly
its own sensorvalue. The entirenetwork below � is thus
excludedfrom theaggregationcomputation,andtheendre-
sult is probablyincorrect. Indeed,whenany subtreeof the
graphcanfail in this way, it is impossibleto giveany guar-
anteesabouttheaccuracy of theresult.

Onesolutionto this problemis to double-checkaggre-
gatesby computingthemmultiple times.Thesimplestway
to do this would be to requestthe aggregatebe computed
multiple timesat the root of thenetwork; by observingthe
common-casevalueof theaggregate,theclient couldmake

a reasonableguessasto its true value. The problemwith
this techniqueis that it requiresretransmittingthe aggre-
gaterequestdown thenetwork multiple times,at a signi�-
cantmessageoverhead,andtheusermustwait for theentire
aggregationinterval for eachadditionalresult.

Instead,we proposeusinga pipelinedaggregate, which
works as follows. In this scheme,aggregatesare propa-
gatedinto thenetwork asdescribedabove. However, in the
pipelinedapproach,time is divided into intervals of dura-
tion ' . During eachinterval, every sensorthat hasheard
the requestto aggregatetransmitsa partial aggregateby
applying � to its local readingand the valuesits children
reportedduring the previous interval. Thus,after the �rst
interval, the root hearsfrom sensorsone radio-hopaway.
After thesecond,it hearsaggregatesof sensorsoneandtwo
hopsaway, andso on. In order to include sensorswhich
missedtherequestto begin aggregation,a sensorthathears
anothersensorreportingits aggregatevaluecanassumeit
tooshouldbegin reportingits aggregatevalue.

In additionto tendingto includenodesthatwould have
beenexcludedfrom asinglepassaggregation,thepipelined
solutionhasa numberof interestingproperties:�rst, after
aggregateshave propagatedup from leaves,a new aggre-
gatearrivesevery ' seconds.Note that the valueof ' can
bequitesmall,aboutthetime it takesfor a singlesensorto
produceandtransmita sensorreading,versusthevalueof

� in thesimplemulti-roundsolutionproposedabove,which
is roughly

��(

� ��)

��
"���

times larger. Second,the total time
for anaggregationrequestto propagatedown to the leaves
and back to the root is roughly � , but the userbegins to
seeapproximationsof the aggregateafter the �rst interval
haselapsed;in very deepnetworks, this additional feed-
backmay be a usefulapproximationwhile waiting for the
truevalueto propagateoutandback.Thebene�tsof online,
streamingaggregatevaluesarediscussedin thedatabaselit-
eratureononline-aggregation[7]. Thesetwo propertiespro-
videuserswith astreamof aggregatevaluesthatchangesas
sensorreadingsandtheunderlyingnetwork change.As dis-
cussedabove,suchcontinuousresultsareoftenmoreuseful
thana single,isolatedaggregate,asthey allow usersto un-
derstandhow thenetwork is behaving over time. Figure3
illustratesasimpleaggregaterunningin apipelinedfashion
overa smallsensornetwork.

The mostsigni�cant drawbackof this approachis that
a numberof additionalmessagesaretransmittedto extract
the�rst aggregateover all sensors.For theexampleshown
in Figure3, 22 messagesaresent,sinceeachaggregating
nodeis transmitsonceper time interval. The comparable
non-pipelinedaggregaterequiresonly 10 messages– one
down andonebackalongeachedge.Note,however, that,
in thisexample,afterthis initial 12messageoverhead,each
additionalaggregatearrives at a cost of only 5 messages
andat a rateof oneupdatepertime interval. Still, it is use-



ful to consideroptimizationsto reducethis overhead.One
option is that sensorscould transmitonly when the value
of theaggregatecomputedover their subtreechanges,and
parentscould assumetheir children's aggregatevaluesare
unchangedunlessthey heardifferently. In sucha scheme,
far fewer messageswill be sent,but someof the ability to
incorporatenodesthat failed to hearthe initial requestto
aggregatewill alsobelost,astherewill befewer aggregate
reportsfor thosenodesto snoopon. Wereservetheanalysis
of thetradeoffs of theseapproachesfor futurework.

We believe a hybrid pipeline schemewill signi�cantly
improvetherobustnessof aggregatesby tendingto incorpo-
ratenodesthat loseinitial aggregationrequests.Pipelining
alsoimprovesthroughput,which canbe importantwhena
a singleaggregaterequiressecondsto compute.With this
pipelinedmodel in mind, we now considera numberof
otheroptimizationsthat can improve the ef�ciency of ag-
gregatesin sensornetworks.

3.3. Taking Advantageof A SharedChannel

In our discussionof aggregation algorithmsup to this
point, we have largely ignoredthe fact that sensorscom-
municateover a sharedradio channel.The fact that every
messageis effectively broadcastto all othersensorswithin
rangeenablesa numberof optimizationsthat can signi�-
cantly reducethe numberof messagestransmittedandin-
creasetheaccuracy of aggregatesin thefaceof transmission
failures.

Wesaw anexampleof how asharedchannelcanbeused
to increasemessageef�ciency whenasensorthatmissesan
initial requestto begin aggregation: it caninitiate aggrega-
tion evenaftermissingthestartrequestby snoopingon the
network traf�c of nearbysensors.Whenit seesanothersen-
sor reportingan aggregate,it canassumeit too shouldbe
aggregating.

This techniqueis not only bene�cial for improving the
numberof sensorsparticipatingin any aggregate; it also
substantiallyreducesthenumberof messagesthatmustbe
sentwhenusingthepipelinedaggregationscheme.Because
nodesassumethey shouldbegin aggregationany time they
hearan aggregatereported,a sensordoesnot needto ex-
plicitly tell its childrento begin aggregation. It cansimply
report its value to its parents,which its childrenwill also
hear. Thechildrenwill assumethey missedthestartrequest
andinitiate aggregationlocally. For thesimpleexamplein
Figure3,noneof themessagesassociatedwith blackarrows
actuallyneedto be sent. This reducesthe total messages
requiredto computethe �rst full aggregateof the network
from 22 to 17, for a total savingsof 23%.

Of course,for later roundsin theaggregation,whenno
messagesaresentfrom parentsto children, thesesavings
areno longeravailable.Snoopingcan,however, beusedto

reducethe numberof messagessentfor certainclassesof
aggregates.Considercomputinga maximumover a group
of sensors;if a sensorhearsa peerreportinga maximum
valuegreaterthanits localmaximum,it canelectto notsend
its own valueandbeassuredof notaffectingthevalueof the
�nal aggregate. We will discussvariantsof this technique
in moredetail in Section3.4below.

In additionto reducingthenumberof messagesthatmust
be sent, the inherentlybroadcastnatureof radio also of-
ferscommunicationsredundancy which improvereliability.
Considera sensorwith two parents:insteadof sendingits
aggregatevalueto justoneparent,it cansendit to bothpar-
ents. It is easyfor a nodeto discover that it hasmultiple
parents,sinceit cansimplybuild a list of nodesit hasheard
thatareonestepcloserto theroot. Of course,for aggregates
otherthanMIN andMAX, sendingto multiple parentsre-
sults hasthe undesirableeffect of causingthe nodeto be
countedmultiple times. Thesolutionto this is to sendpart
of theaggregateto oneparentandtherestto theother. Con-
sideraCOUNT; asensorwith %

���

childrenandtwo parents
cansenda COUNTof %��

�

to bothparentsinsteadof a count
of % to a singleparent.A simplestatisticalanalysisreveals
theadvantageof doingthis: assumethatamessageis trans-
mitted with probability � , andthat lossesareindependent,
sothat if a message� from sensor� is lost in transitionto
parent&�� , it is nomorelikely to lost in transitto &	� . 2 First,
considerthecasewhere� sends% to a singleparent;theex-
pectedvalueof thetransmittedcountis �

�

% (0 with prob-
ability

�

�

�
�
�

and % with probability � ), andthevarianceis
%

�

�

�

�
��� �

�

�

, sincethesearestandardBernoulli trials
with a probability of success� multiplied by a constant% .
For thecasewhere � sends%��

�

to bothparents,linearity of
expectationtellsustheexpectedvalueis thesumof theex-
pectedvaluethrougheachparent,or

� �

�

�

%��

�

. Similarly,
we cansumthevariancesthrougheachparentto get:

var=
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%��
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Thus, the varianceof the multiple parentCOUNTis much
less,althoughits expectedvalue is the same. This is be-
causeit is muchlesslikely (assumingindependence)for the
messageto bothparentsto belost,andasinglelosswill less
dramaticallyeffect thecomputedvalue.Notethattheprob-
ability that no datais lost is actually lower with multiple
parents(�

� versus� ), suggestingthat this may not always
bea usefultechnique.However, sincelossesarealmostas-
suredof happeningoccasionallywhenaggregating,we be-
lieve userswill preferthat their aggregatesbecloserto the
correctanswerthanexactly right moreoften.

This techniqueappliesequallywell for SUMandAVER-
AGEaggregatesor for any aggregatewhich is a linearcom-
binationof a numberof values.For rank-basedaggregates,

2Although failure independenceis not always a valid assumption,it
will occurwhena hidden-nodegarblescommunicationto ��� but not ��� ,
or whenoneparentis forwardingamessageandanotheris not.



Count: 0

t = 0

Non-aggregating nodeAggregating Node

Count: 1

t = 1

Count: 2

t = 2

Count: 2

t = 3

Count: 3

t = 4

Count: 3

t = 5

Count: 5

t = 6

Ä(1) Ä(1,2) Ä(1,2) Ä(1,2,3) Ä(1,2,3) Ä(1,2,3,4,5)

Ä(2,3) Ä(2,3) Ä(2,3) Ä(2,3,4,5)

Ä(3,4,5) Ä(3,4,5) Ä(3,4,5,6)

Ä(5,6) Ä(5,6)

Figure 3. Pipelinedcomputationof aggregates

likemodeandmedian,this techniquecannotbeapplied.
Wenow presentour �nal techniquefor increasingtheef-

�ciency of aggregates:rephrasingaggregatesashypotheses
to dramaticallyreducethe numberof sensorsrequiredto
respondto any aggregate.

3.4. HypothesisTesting

Althoughtheabove techniquesoffer signi�cant gainsin
termsof numberof messagestransmittedand robustness
with respectto naive approaches,thesetechniquesstill re-
quire input from every nodein a network to computean
aggregate.In this section,we observe thatwe only needto
hearfrom a particularsensorif that sensor's sensorvalue
will affect theendvalueof theaggregate.For someaggre-
gates,thiscansigni�cantly reducethenumberof nodesthat
needto report.

We presenteda simple example of hypothesistesting
above: whencomputinga MAXor MIN, a sensorcansnoop
on the valuesits peersreportandomit its own value if it
knowsit cannotaffect the�nal valueof theaggregate.This
techniquecan be generalizedto an approachwe call hy-
pothesistesting. If a nodeis presentedwith a guessasto
thepropervalueof anaggregate,eitherby snoopingon an-
other sensor's aggregatevalueor by explicitly being pre-
sentedwith a hypothesisby theuseror rootof thenetwork,
it can decidelocally whethercontributing its readingand
the readingsof its childrenwill affect the valueof the ag-
gregate.

For MAX, MIN andothertop-n[3] aggregates,this tech-
niqueis directly applicable.Therearea numberof waysit
canbeapplied– thesnoopingapproachis one.As another
example,therootof thenetworkseekingaMIN sensorvalue
mightcomputethevalueof theaggregateoverthetop � lev-
elsof thenetwork (usingthepipelinedapproachdescribed
above),andthenaborttheaggregateandissueanew request
askingfor only thosesensorvalueslessthantheminimum
observed in the top � levels. In this approach,leaf nodes

will berequiredto sendno messageif their valueis greater
thantheminimumobservedover thetop � levels(interme-
diatenodesmustforward the requestto aggregate,so they
muststill sendmessages.)If we assumesensorvaluesare
independentandrandomlydistributed(a big assumption!),
thena particularleaf motemust transmitwith probability

�

�

���

(whereb is thebranchingfactorof the treeand
���

is
the numberof sensorsin the top k levels), which is quite
low for even small valuesof � . Since,in a balancedtree,
at leasthalf thenodesarein thebottommostlevel, this can
reducethetotal numberof messagesthatmustbesentby a
factorof two or more.

For otheraggregatesthataccumulateatotal,suchasSUM
andCOUNTthis techniquewill neverbeapplicable.For the
a third classof statisticalaggregates,suchasAVERAGEor
variance,thistechniquecanreducethenumberof messages,
althoughnot asdrastically. To obtainany bene�t with such
aggregates,the usermustde�ne an error boundthat he is
willing to tolerateover the valueof the aggregate. Given
this errorbound,thesameapproachasfor top-naggregates
canbeapplied.Considerthecaseof anaverage:any sensor
that is within the error boundof the approximateanswer
neednot answer– its parentcan assumeits value is the
sameas the approximateanswerandcount it accordingly
(this schemerequiresparentsto know how many children
they have.) Thetotalcomputedaveragewill notbeoff from
the actualaverageby morethanthe error bound,andleaf
sensorswith valuescloseto theaveragewill notberequired
to report.Obviously, thevalueof thisschemevariesgreatly
on thedistributionof sensorvalues.If valuesareuniformly
distributed,the fraction of leavesthat neednot reportwill
approximatethesizeof theerrorbound. If valuesarenor-
mally distributed,a much larger percentageof leaveswill
not report. Thus,the valueof this schemedependson the
expecteddistributionof valuesandthetoleranceof theuser
to inaccurateerrorbounds.

In summary, we proposedusingin-network aggregation
to computeaggregates.By pipeliningaggregates,we were



able to increasethroughputand smoothover intermittent
lossesinherentin radio communication.We improved on
thisbasicapproachwith severalothertechniques:snooping
overtheradioto reducemessageloadandimproveaccuracy
of aggregates,andhypothesistestingto invertproblemsand
further reducethe numberof messagessent. In the next
section,weaugmentthealgorithmspresentedin thissection
to supportgrouping.

4. Grouping

Recallthatgroupingcomputesaggregatesoverpartitions
of sensorreadings.The basictechniquefor groupingis to
pushdown a setof predicatesthat specifygroupmember-
ship, asksensorsto choosethe group they belongto, and
then,asanswers�o w back,updatetheaggregatevaluesin
theappropriategroups.

Grouppredicatesareappendedto requeststo begin ag-
gregation. If sendingall predicatesrequiresmorestorage
thanwill �t into a singlemessage,multiple messagesare
sent.Eachgrouppredicatespeci�esagroupid, asensorat-
tribute(e.g.light, temperature),andarangeof sensorvalues
thatde�ne membershipin thegroup. Groupsareassumed
to bedisjoint andde�ned over thesameattribute,which is
typically not the attribute being aggregated. Becausethe
numberof groupscanbe large enoughsuchthat informa-
tion aboutall groupsdoesnot �t into theRAM of any one
sensor, sensorspick the groupthey belongto asmessages
de�ning grouppredicates�o w pastanddiscardinformation
aboutothergroups.

Messagescontainingsensedvaluesarepropagatedjust
asin thepipelinedapproachdescribedabove. Whena sen-
sor is a leaf, it simply tagsthesensorvaluewith its group
number. Whena sensorreceivesa messagefrom a child, it
checksthegroupnumber. If thechild is in thesamegroup
asthesensor, it combinesthe two valuesjust asabove. If
it is in a differentgroup, it storesthe valueof the child's
groupalongwith its own valuefor forwardingin the next
interval. If anotherchild messagearriveswith a value in
eithergroup,thesensorupdatestheappropriateaggregate.
During thenext interval, thesensorwill sendout thevalue
of all groupsit collectedinformationaboutduringtheprevi-
ousinterval, combininginformationaboutmultiple groups
into a singlemessageaslong asthemessagesizepermits.
Figure4 shows anexampleof computinga querygrouped
by temperaturethat selectsaveragelight readings.In this
snapshot,datais assumedto have �lled the pipeline,such
that resultsfrom the bottom of the tree have reachedthe
root.

Recall that SQL queriesalsocontaina HAVINGclause
that constrainsthe set of groupsin the �nal query result
by applyinga �ltration predicateto eachgroup'saggregate
value. We sometimespassthis predicateinto the network

along with partitions. The predicateis only sent into the
network if it canpotentiallybe usedto reducethenumber
of messagesthatmustbesent:for, example,if thepredicate
is of the form MAX(attr) � x, theninformationabout
groupswith MAX(attr) � x neednotbetransmittedup
thetree,andsothepredicateis sentdown into thenetwork.
However, otherHAVINGpredicates,suchasthose�ltering
AVERAGEaggregates,or of the form MAX(attr) � x,
cannotbeappliedin thenetwork becausethey canonly be
evaluatedwhenthe�nal group-aggregatevalueis known.

Becausethenumberof groupscanexceedavailablestor-
ageon any one sensor, a way to evict groupsis needed.
Oncean eviction victim is selected,it is forwardedto the
sensor's parent,which maychooseto hold on to thegroup
or continueto forwardit upthetree.Becausegroupscanbe
evicted,theuserworkstationat thetop of thenetwork may
be calleduponto combinepartial groupsto form anaccu-
rate aggregatevalue. Evicting partially computedgroups
is known as partial preaggregation, as describedin the
databaseliterature[13].

There are a numberof possiblepolicies for choosing
which group to evict. We believe that policies which in-
cura signi�cant storageoverhead(morethana few bits per
group)areundesirablebecausethey will reducethe num-
berof groupsthatcanbestoredandincreasethenumberof
messagesthatmustbesent.Evictinggroupswith low mem-
bershipis likely a goodpolicy, asthosearethegroupsthat
are leastlikely to be combinedwith othersensorreadings
andsoarethegroupsthatbene�t theleastfrom in-network
aggregation.

Evicting groups forces information about the current
time interval into higher level nodesin the tree. Sincein
thestandardpipelinedschemepresentedabove,aggregates
arecomputedover valuesfrom the previous time interval,
this presentsan inconsistency. We believe, however, that
this will not dramaticallyeffect aggregates;verifying this
remainsanareaof futurework.

Thus,we have shown how to partition sensorreadings
into a numberof groupsandproperlycomputeaggregates
overthosegroups,evenwhentheamountof groupinforma-
tion exceedsavailablestoragein any onesensor.

5. RelatedWork

In this section,we discussrelatedwork from both the
databaseandsensornetworkingcommunities.Althoughthe
networking communityhasbegunto exploreissuesof data
collection within sensornetworks, thereis no other work
that we areawareof that proposesa generic,query-based
schemefor extractingdatafrom sensornetworks.

With respectto aggregation,thesemanticsusedhereare
largelyapartof theSQLstandard[2]. Thepartialpreaggre-
gationtechniques[13] usedto enablegroupeviction were
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proposedas a techniqueto deal with very large numbers
of groupsto improve theef�ciency of hashjoins andother
bucket-baseddatabaseoperators.

The Cougarproject at Cornell [15] discussesqueries
oversensornetworks,asdoesourown work onFjords[14],
althoughtheformeronly considersmoving selectionoper-
atorsonto sensorsand neitherpresentsa speci�c, power-
sensitivealgorithmsfor usein sensornetworks.

The problemof computingaggregatesin large clusters
of nodeshasbeenaddressedpreviously in the context of
shared-nothingqueryprocessingenvironments[16]. Solu-
tionsdevelopedfor suchenvironments,however, have little
applicability in the domainof sensornetworks asthey as-
sumea static, fully-connected,storagerich topology and
dependon communicationheavy techniquessuchashash
partitioning.

Literatureonactive-networks[17] �rst identi�ed theidea
that the network could simultaneousroute and transform
data,ratherthansimply servingasanend-to-enddatacon-
duit. Within the sensornetwork community, work on net-
worksthatperformdataanalysishasbeenlargely con�ned
to theUSC/ISIandUCLA communities.Their work on di-
recteddiffusion [11] discussestechniquesfor moving spe-
ci�c piecesof information from one place in a network
to another, and proposesaggregation-like operationsthat
nodesmay perform asdata�o ws throughthem. [6] pro-
posesa schemefor imposingnamesontorelatedgroupsof
sensorsin a network, in muchtheway thatourschemepar-
titionssensornetworksintogroups.[10] discussesnetwork-
ing protocolsfor routingdatato improvetheextentto which
datacanbe combinedasit �o ws up a sensornetwork – it
provideslow level techniquesfor building routingtreesthat
couldbeusefulin computingdatabasestyleaggregates.

Networking protocolsfor routing datain wirelessnet-
works are very popularwithin the literature[12, 1, 4, 5],
however, noneof themaddresshigher level issuesof data
processing,merely techniquesfor datarouting. Our tree
basedrouting approachis clearly inferior to these ap-
proachesfor peerto peerrouting, but works well for the
aggregationscenarioswe arefocusingon.

TheTinyOSgroupatUC Berkeley haspublishedanum-
berof papersdescribingthedesignof motes[9], thedesign
of TinyOS [8], and the implementationof the networking
protocolsusedto constructad-hocsensornetworks [18].
None of this work directly addressesissuesof data col-
lection or aggregation,but is importantasthe platform on
whichoursolutionoperates.

6. Future Work

Thereare a numberof areasof future work. Clearly,
experimentaland mathematicalvalidationof many of the
techniquespresentedin thispaperis needed.As researchers
at UC Berkeley, we arecurrentlyworking with the sensor
testbedbuilt by theTinyOSgroupto empiricallyverify the
algorithmswe have presented.Beyond veri�cation, how-
ever, thereareseveralsigni�cant challengesthathave been
glossedover in this work.

We have not explored the tradeoffs between fully
pipelinedcommunicationand techniquessuchas sending
valuesonly whensensorreadingschange.Thereareanum-
berof optionsin thisspace,eachof whichhasdifferentmes-
sagecostsandrobustnessproperties.

We do not yet fully understandhow our approachbe-
haveswhensensorsmove. Although the routing treecon-
structionalgorithm allows moving nodesto reattach,and



the pipelinedaggregationschemecaneventuallyadjustto
movednodesor subtrees,it is importantto formally charac-
terizehow movementsanddisconnectionsaffect the value
of aggregates.

Finally, we have not explored the problemof comput-
ing multiple simultaneousaggregatesover a singlesensor
network. It shouldbe possiblefor sensorsto accommo-
datemultiple queries(just asthey handlemultiple groups)
up to somesmall numberof queries. There may be an
eviction option,aswith grouping,but theremay alsobe a
point at which the in-network approachis so slow that the
server-basedapproachagainbecomesviable. The imple-
mentationissuesassociatedwith simultaneousaggregates
mustbe exploredbeforethesein-network approachescan
beimplementedin a databasesystemthatsupportsconcur-
rentqueries.

7. Conclusion

We have demonstratedtechniquesfor applyingdatabase
style aggregateswith groups to sensorreadings�o wing
throughad-hocsensornetworks. By applyinggenericag-
gregation operationsin the tradition of databasesystems,
our approachoffers the ability to queryarbitrarydatain a
sensornetwork without custom-building applications. By
pipelining the�o w of datathroughthesensornetwork, we
are able to robustly computeaggregateswhile providing
rapid and continuousupdatesof their value to the user.
Finally, by snoopingon messagesin the sharedchannel
andapplyingtechniquesfor hypothesistesting,we areable
to substantiallyimprove the performanceof our basicap-
proach.

This work marks a �rst step towards a generic, in-
network approachfor collectingandcomputingoversensor
data.SQL,asit hasdevelopedovermany years,hasproven
to work work well in thecontext of databasesystems.We
believeasimilar language,whenproperlyappliedto sensor
networks,will offer similarbene�tsasSQL:easeof use,ex-
pressiveness,andastandardonwhichresearchandindustry
canbuild.
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