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Abstract

If industry visionariesare correct,our liveswill soonbe full of sensorsconnectedogetherin loose
conglomerationsia wirelessnetworks, eachmonitoringandcollectingdataabouttheworld at large. These
sensorbehaeverydifferentlyfromtraditionaldatabassourcesthey haveintermittentconnectvity, arelim-
ited by severepower constraintsandtypically sampleperiodicallyandpushimmediately keepingno record
of historicalinformation. Thesdimitations make traditionaldatabassystemsnappropriatdor queriesover
sensors.We presentthe Fjords architecturefor managingmultiple queriesover mary sensorsand show
how it canbe usedto limit sensorresourcedemandsvhile maintaininghigh querythroughput.We evaluate
our architectureusingtracesfrom a network of traf ¢ sensorsleployed on Interstate80 nearBerkeley and
presenperformanceesultsthatshav how querythroughputcommunicatiorcosts,andpower consumption
arenecessariloupledin sensotervironments.

1 Intr oduction

Overthepastfew years agreatdealof attentionin the networking andmobile-computingommunitiehasbeen
directedtowardsbuilding networksof ad-hoccollectionsof sensorscatteredhroughoutheworld. MIT, UCLA,
and UC Berkeley [21, 24, 11, 31] have all embarled on projectsto producesmall, wireless,battery-pavered
sensorandlow-level networking protocols.Theseprojectshave broughtuscloseto thethevision of ubiquitous
computing[38], in which computersandsensorsassistin every aspecbf our lives. To fully realizethis vision,
however, it will benecessaryo combineandquerythesensoreadingproducedy thesecollectionsof sensors.
Sensonetworkswill produceverylargeamountof datawhichneedgo becombinedandaggr@atedto analyze
andreactto theworld. Clearly the ability to apply traditionaldata-processintanguagesndoperatordo this
sensordatais highly desirable. Unfortunately standarddBMS assumptiongboutthe characteristicef data
sourceslo notapplyto sensorssoasigni cantly differentarchitecturés needed.

Therearetwo primary differencedetweersensobaseddatasourcesandstandardlatabasesources First,
sensorgypically deliver datain streams they producedatacontinuously oftenat well de ned time intenals,
without having beenexplicitly asled for that data. Queriesover thosestreamseedto be processedn near
real-time,partly becausét is often extremelyexpensve to sase raw sensoistreamdo disk, andpartly because
sensorstreamgepresenteal-world events,like traf c accidentsandattemptechetwork break-inswhich need
to berespondedo. The secondmajor challengewith processingensomatais that sensorsarefundamentally
differentfrom the over-engineerediata-sourcetypicalin abusines©BMS. They do notdeliver dataatreliable
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rates,the datais often garbled,andthey have limited processoandbatteryresourcesvhich the queryengine
needdgo consere wheneer possible.

Our contritution to the problemof queryingsensordataoperateson two levels: First, we proposean en-
hancedjueryplandata-structurealled Fjords (“Framevork in Java for Operatoron RemoteData Streams”),
which allows usersto posequeriesthatcombinestreamingpush-basedensoisourceswith traditionalsources
that producedatavia a blocking, pull-basediteratorinterface. To executethesequeries,our systemprovides
non-blockingandwindowed operatorsvhich aresuitedto streamingdata. Secondwe proposepower-sensitve
Fjord operatorscalledsensoiproxieswhich sene asmediatorsetweerthe queryprocessingrvironmentand
thephysicalsensors.

A key componenbf Fjordsis that data o ws into themfrom sensorsandis pushednto query operators.
Operatorsdo not actively pull datato processyrather they operateon the samplesvhen sensoranake them
available and are otherwiseidle. They never wait for a particulartuple to arrive. Becauseof this passie-
behaior, the adaptve-queryprocessingsituationof an operatorbeing “blocked”, waiting for input, doesnot
arise.

Sensodataprocessingandthe relatedareaof queryprocessingver datastreamshave beenthe subjectof
increasingattentionrecently Researclprojectson sensometworks have begunto recognizetheimportanceof
dataprocessingssuessuchasaggregatingreadingsfrom multiple sensorg19, 22]. In thedatabaseommunity
therehasbeensigni cant work onqueryoperatorandevaluationalgorithmsfor processingjueriesover streams
of data[35, 33, 30, 12]. In addition,theCougarprojectat Cornellhasbeenexploringtheuseof Object-Relational
abstractiongor queryingsensothasedsystemd26]. Theseprojectsandotherrelatedefforts areproviding key
technologythatwill benecessarjor dataintensve sensotbasedapplications Ourwork differs,however, in that
it is focusedon providing the underlyingsystemsrchitectue for sensodatamanagementThus,our focusis
ontheef cient, adaptve, andpower sensitve infrastructureuponwhich thesenew queryprocessingpproaches
canbehbuilt. To ourknowledge,thisis the rst work addressinghelow level databasenginesupportrequired
for sensofcentricdata-intensie systemsWe addresselatedwork in moredetailin Section6.

We now presentan overview of the sensomuery processingernvironmentand discussthe sensortestbed
whichwe arebuilding. In theremainingsectionswe presenthe speci ¢ requirement®f sensoiqueryprocess-
ing, proposeour solutionsfor satisfyingthoserequirementspresentsomeinitial performanceesults,discuss
relatedwork, offer directionsfor futurework andconclude.

2 Background

2.1 SensorEnvironment

In this paper we focuson a speci ¢ type of sensomprocessingernvironmentin which therearea large number
of fairly simplesensorsver which userswantto posequeries.For our purposesa sensoiconsistf a remote
measuremerdevice thatprovidesdataat regularintenals. A sensomay have somelimited processingbility
or con gurability, or may simply outputa raw streamof measurementsBecausesensordave at bestlimited
capabilities,we do not askthemto parsequeriesor keeptrack of which clientsneedto receve samplefrom
them:they simply sampledata,aggrgatethatdatainto larger paclets,androutethosepacletsto adataprocess-
ing node,whichis a x ed,powered,andwell-connectedener or workstationwith alundantdisk andmemory
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resourcessuchaswould beusedin ary conventionaldatabassystem We call thenodethatrecevessensodata
the sensors proxy, sinceit seresasthatsensors interfaceinto the restof the queryprocessor Typically, one
machineis the proxy for mary sensors.The proxy is responsibldor packagingsamplesastuplesandrouting
thosetuplesto userqueriesasneededThegeneraljueryervironmentis shavn in Figurel. Usersissuequeries
to thesener; thesener processethequery instantiate®peratorandlocatessensoiproxies,andstartsthe o w

of tuples. Although sensorslo not directly participatein queryprocessingtheir proxy canadjusttheir sample
rateor askthemto performsimple aggregation beforerelayingdata,which, aswe will shav, is animportant
aspecbf ef ciently runningqueriesover mary sensors.

We arebuilding this systemasa partof the Telegraph[17] data o w processingnginewhichis underde-
velopmentat UC Berkeley. We have extendedthis systemwith our Fjordsdata- ow architectureln Telegraph,
usersposequeriesat a workstationon which they expectresultsto appear Thatworkstationtranslategjueries
into Fjordsthrougha processanalogougo normalqueryoptimization.New Fjordsmaybemeigedinto already
running Fjordswith similar structuresover the samesensorspr may run independently Queriesrun continu-
ouslybecausastreamsever terminate queriesareremoved from the systemonly whenthe userexplicitly ends
the query Resultsare pushedrom the sensorout toward the user andare deliveredassoonasthey become
available.

Information aboutavailable sensordn the world is storedin a catalog,which is similar to a traditional
databaseatalog. The datathat sensorgrovide is assumedo be divisible into a typed schemawhich users
canquerymuchasthey would ary otherrelationaldatasource.Sensorsubmitsampleswhich are keyed by
samplgime andlogically separatethto elds; the proxy corvertsthose elds into native databas¢upleswhich
local databaseperatorsunderstand.In this way, sensorsappearto be standardobject-relationatables;this
is a techniqueproposedn the Cougarprojectat Cornell[26, andis consistentwith Telegraphs view of other
non-traditionadatasourcessuchaswebpagesasrelationaltables.

2.1.1 Trafc SensorTestbed

We have recentlybegun working with the Berkeley Highway Lab (BHL), which, in conjunctionwith the Cal-
ifornia Departmenbf Transportatior{CalTrans),is deplgying a sensoiinfrastructureon Bay Areafreevaysto
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Figure2: A TinyOSSensoiMote

monitortrafc conditions.The queryprocessingystemwe presenis beinghbuilt to supportthis infrastructure.
Thus,in this paperwe will usetrafc scenariogo motivatemary of our examplesanddesigndecisions.

CalTranshasembeddedhousandgrimitive sensor®n Bay Areahighwaysoverthepastfew decadesThese
sensorgonsisof inductive loopsthatregisterwhen&eravehiclepassesverthem,andcanbeusedo determine
aggr@ate o w andvolumeinformationon a stretchof roadaswell asprovide grossestimate®f vehiclespeed
andlength. Typically thesdoopsareusedto monitorspeci ¢ portionsof the highway by placingdata-collection
hardware at sitesof interest. This datais not availablefor real-timeprocessinggatais simply collectedand
storedfor later, of ine analysisof o w patterns.

In thenearfuture, it is expectedthatreal-timesensordatawill bewidely available,asCalTransis working
to deply intelligentsensoravhich canrelay informationfrom all over the Bay Areato its own engineersand
the BHL. With several thousandsensorsstreamingdata,ef cient techniquedor executingqueriesover those
streamwwill becomecrucial. Theexactnatureof this new generatiorof sensorhiasnotyetbeendeterminedbut
a numberof groupsaroundthe countryareworking on architectureandoperatingsystemgor sensorsvhich
arevery well-suitedto this typeof ervironment[21, 24, 11, 31].

2.1.2 Next-GenerationTraf ¢ Sensors

Currentresearcton sensordevicesis focusedon producingvery small sensorghat canbe deplg/ed in harsh
ervironments(e.g.thesurfaceof afreewvay.) Currentsensomprototypesat UC Berkeley, MIT, andUCLA share
similar propertiesithey arevery small,wirelessradio-driven, andbatterypowered,with a currentsizeof about

cm. Theultimategoalis to producedevicesin the range— aboutthe sizeof agnat[21]. Wereferto
suchminisculesensorsas“motes”. Currentprototypesuse8bit microprocessorwith smallamountsof RAM
(lessthan32kBytes)unningfrom 1 to 16 MHz, with asmallradiocapableof transmittingat tensof kilobits per
secondwith arangeof afew hundredfeet[1§. Figure2 shavs anexampleof sucha sensoifrom the TinyOS
projectat Berkeley.

As sensordecomeaniniaturizedthey will besmallenoughthatthey couldbescattereaverthefreevay such
thatthey will notinterferewith carsrunningoverthem,or could t easilybetweerthegroovesin theroadwvay.
Sensorgouldbeconnectedo existinginductive loops,or beaugmentedvith light or pressuresensorshatcould
detectwheneer a carpassedaverthem,inferring locationinformationfrom the latenciesof thesensorselative
to the x edbasestations[28 Moteswould useradiosto relay sampledo nearbywirelessbasestationsyhich
would, in turn, forward themto queryprocessingvorkstations.
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Onekey componenbf this new generatiorof sensorss thatthey are capableof computationandremote
reprogramming. This provides control over the source,quality, and density of samples. For example, two
sensorsn the samelanewithin a few feetof eachotherarevirtually guaranteedo seethe samesetof cars,so
askingboth for the sameinformationis unnecessaryHowever, theremay be timeswhenthe two sensorsan
complementachother—for instancethelight sensoon onemotecould be usedto corroboratehe readingof
the pressuresensorffrom the other or to verify thatthe otheris functioningproperly

Similarly, the ability of motesto performsomecomputatiorandaggrgationallows the computationabur-
denonthesenerandthe communicationsurdenon the motesto be reducedFor example,ratherthandirectly
transmittingthe voltagereadingfrom a light sensomary timesa secondmotescould transmita countof the
numberof carswhich have passedver themduring sometime intenal, reducingthe amountof communica-
tion which is requiredandsaving the centralsener from having to countthe numberof carsfrom the voltage
readingsln anervironmentwith tensof thousandsf sensorsthebene tsof suchreductioncanbe substantial.

2.2 Requirementsfor Query Processingover Sensors

Givenour desireto run queriesover thesetraf ¢ sensorsye now examinesomeof theissuegposedoy sensors
thatarenotpresentn traditionaldatasourcesin thissectionwefocusonthepropertieof sensorandstreaming
datawhichmustbetakeninto accounwhendesigninghelow level infrastructureneededo ef ciently integrate
streamingsensodatainto a queryprocessorThereareotherimportantissuesn sensoistreamprocessingsuch
asquerylanguageandalgebradesignandthedetailedsemantic®f streamoperatorsyhich arenot thefocusof
thiswork. We will discusghesein moredetailin Section6.

2.2.1 Limitations of Sensors

Limited resourceavailability is an inherentproperty of sensors. Scarceresourcesnclude battery capacity
communicationdandwidth,and CPU cycles. Power is the de ning limit: it is alwayspossibleto usea faster
processopnr a more powerful radio, but theserequiremore power which oftenis not available. Currentsmall
batterytechnologyprovidesaboutl00mAhof capacity Thisis enoughto drive asmallAtmel processqiikethe
oneusedn severalwirelesssensoprototypesatfull speedor only 3.5hours.Similarly, thecurrentTRM-1000
radio, also usedin mary sensorprototypes,usesabout4 J per bit of datatransmitted:enoughto sendjust
14MB of datausingsucha battery In practice,power requiredfor sendingdataover the wirelessradiois the
dominantcost[27], soit is oftenworth spendingmary CPU cyclesto consere justafew bytesof radiotrafc.

Oneprincipalway thatbatterypower is conseredis by powvering down, or sleeping partsof sensorsvhen
they arenot needed.lt is very importantthat sensorgnaximizethe useof theselow power modeswheneer
possible. An easyway to allow sensordo spendmoretime sleepingis to decrease¢he rate at which sensors
collectandrelaysamplesThedatabassystemmustenablethis by dynamicallyadjustingthe sampleratebased
on currentqueryrequirements.

In additionto power limitations, sensordhave the addedfeaturethat they include small processorsvhich
canbe usedto performsomeprocessingn samples.Databasesystemaeedto ableto take advantageof this
processingbility, asit candramaticallyreducethe power consumptiorof the sensorandreducethe load on
thequeryprocessoitself.
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2.2.2 StreamingData

Anotherpropertyof sensorgs thatthey producecontinuousnever endingstreamsof data(at least,until the
sensorsun out of batterypower!). Any sensoiqueryprocessingystemneedgo be ableto operatedirectly on
suchdatastreamsBecausetreamsarein nite, operatorcannever computeover anentirestreamingelation:
i.e. they cannotbebloding. Many implementationsf traditionaloperatorssuchassorts,aggrgatesandsome
join algorithmstherefore,cannotbe used. Instead the query processomustinclude specialoperatorsmvhich
deliver resultsincrementallyprocessingtreaminguplesoneatatime or in smallblocks.

Streamingdataalso implies that sensorgpushdatainto a query plan. Thus, the conventional pull-based
iterator[13] modeldoesnot mapwell onto sensorstreams.Although possible,implementinga strict iterator
model-like interfaceon sensorgequiresthemto wastepower andresources.To do so, sensorsnustkeepthe
recevers on their radiospoweredup at all times, listening for requestdor datasamplesfrom multiple user
gueries.Pawver, local storageandcommunicationgimitationsmake it muchmorenaturalfor sensorso deliver
samplesvhenthosesampledecomeavailable.

Sincemary sensorhave wirelessconnectionsgatastreamsnaybe deliveredintermittentlywith signi cant
variability in available bandwidth.Evenwhenconnectiity is generallygood,wirelesssensorconnectionsan
be interruptedby local sourcesof interference suchas microvaves. Any sensordatabase-systemeedsto
expectvariablelatenciesanddroppedor garblectuples whichtraditionaldatabasedo nothandle.Furthermore,
becaus®f thesehigh latenciesanoperatoidooking for a sensotuple maybeforcedto block for sometimeif it
attemptdo pull atuplefrom thesensar Thus,operatorsnustprocessiataonly whensensorsnake it available.

2.2.3 ProcessingComplex Queries

Sensorposeadditionaldif culties in aqueryprocessingystenmwhichis runningcomple or concurrengjueries.
In mary sensoiscenariosmultiple usersposesimilar queriesover thesamedatastreamsin thetrafc scenario,
commuterswill wantto know aboutroad conditionson the samesectionsof road, andsowill issuequeries
againstthe samesensors.Since streamsare append-onlythereis no reasonthat a particularsensormreading
shouldnotbesharedacrossmary queries.As ourexperimentsn Sectiord.3shaw, thissharinggreatlyimproves
theability of asensowuerysystemo handlemary simultaneousjueries.

Furthermorethedemandglacedonindividual sensorsvary basedntime of day, currenttrafc conditions,
anduserrequirementsAt ary particulartime usersarevery interestedn somesensorsandnotatall interested
in others.A queryprocessingystenmshouldbeableto accountor this by dynamicallyturningdown thesample
anddatadelivery ratesfor infrequentlyqueriedsensors.

Finally, usersqueryingsensorsieedaway to namethe sensorsghatexist in theworld. Traditionaldatabases
assumehatusersknow the namesof the sourceghey wish to run queriesover. In a sensorervironmentwith
thousand®f dynamicsensoistreamsthis is not a realisticassumption.Instead usersmustbe able querythe
catalogooking for sourcesvhich have desiredproperties For instancan ourtrafc testbeduserswill needto

nd sensorsvhicharenearaspeci c thepartof thefreeway:.
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3 Solution

Having describedhe dif culties involved integrating sensorstreamsnto a query processqrwe now present
our solution,which, as previously mentionedconsistsof two core componentsFjords,an adaptve modular
data- ow for combiningstreamingsensoidataandtraditionaldatasourcesandthe senso#proxy, for mediating
betweersensor@andthe query-processpwhile takinginto accounthe speci ¢ limitationsof sensors.

3.1 Fjords: GeneralizedQuery Plansfor SensorStreams

A Fjordis ageneralizatiomf traditionalapproachet queryplans:operatorgxportaniteratorlik e interfaceand
areconnectedogetheria local pipesor wide areaqueuesFjords,however, alsoprovide supportfor integrating
streamingdatathatis pushednto the systemwith disk-basediatawhich is pulled by traditionaloperators As
we will shaw, Fjordsalsoallow combiningmultiple queriesinto a single plan andexplicitly handleoperators
with multiple inputsandoutputs.

Previous databaserchitecturesare not capableof combiningstreamingand static data. They are either
strictly pull-basedaswith the standardteratormodel,or strictly pushbasedasin parallelprocessingrviron-
ments. We believe thatthe hybrid approachadoptedoy Fjords, wherebystreamsanbe combinedwith static
sourcesn a way which variesfrom query-to-queryis an essentiabart of arny dataprocessingystemwhich
claimsto beableto computeover streams.

Figure3 shaws a Fjord runningacrosswo machineswith theleft sidedetailingthe modulesrunningon a
local machine.Eachmachineinvolved in the queryrunsa singlecontmoller in its own thread. This controller
acceptanessageto instantiateopeiators, which includethe setof standarddatabasenodules— join, select,
project,andso on. The controlleralsoconnectdocal operatorsvia queueso otheroperatorsvhich may be
runninglocally or remotely Queuesexport the sameinterfacewhetherthey connectwo local operatorsor two
operatorsunningon differentmachinesthusallowing operatorgo beignorantof the natureof their connection
to remotemachinesEachqueryrunningon amachines allocatedts own thread andthatthreadis multiplexed
betweerthelocal operatorsvia procedurecalls (in a pull-basedarchitecturer via a specialschedulermodule
thatdirectsoperatorgo consumewvailableinputsor to produceoutputsif they arenotexplicitly invokedby their
parentsn theplan. TheFjord shavn in in Figure3 wasinstantiatedy amessagarriving atthelocal controller;
it appliestwo predicatego a streamof tuplesgeneratedby joining a sensoistreamwith aremotedisk source.

In therestof this sectionwe discusghespeci ¢ architectureof operatorandqueuesn Fjords.We discuss
speci ¢ operatordor streamsandpresenbur power sensitve operatorthe sensoiproxy. We thendescribehow
the connectiorof thoseoperatorsiia queuedormsa Fjord, andshav how Fjordscanbeusedto sharethework
of multiple queries.

3.1.1 Operators and Queues

Operatordorm the corecomputationalinit of Fjords. Eachoperator hasa setof inputqueues, andaset
of outputqueues . readstuplesin ary orderit choosegrom  andoutputsany numberof tuplesto some
or all of thequeuesn . Thisde nition of operatords intentionallyextremelygeneral:Fjordsarea data ow
architecturethatis suitablefor building morethanjust traditionalquery plans. For instancejn Section4 we
discussfolding multiple queriesinto a single Fjord; this is accomplishedy creatingoperatorswith multiple
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outputs.Theseoutputsrouteresultsof a singleselector join, or anentirequery to multiple upstreanoperators
or endusers.

Queuesareresponsibldor routing datafrom oneoperator(the input operator) to another(the outputoper
ator.) Queuedshave only oneinput andoneoutputandperformno transformatioron the datathey carry Like
operatorsgueuesare a generalstructure. Speci ¢ instancef queuesan connectlocal operatorsor remote
operatorsbehae in a pushor pull fashion,or offer transactionapropertieswhich allow themto guarantee
exactly-oncedelivery.

Naturally it is possiblefor aqueueo Il. Whenthis happenspnehasno choicebut to discardsomedata:as
is the casewith network routersandmultimediastreamsit is not possibleto pausea streamof real-world data.
The choiceof which datato discardis applicationdependenialthoughwith sensorgypically the oldestsamples
shouldbethrown out rst, asthey areleastrelevantto the currentstateof the sensar

3.1.2 Flexible Data Flow

Thekey advantageof Fjordsis thatthey allow distributedqueryplansto usea mixture of pushandpull connec-
tionsbetweeroperatorsPushor pull is implementedy the queue:a pushqueuerelieson its input operatorto

datainto it which the outputoperatorcanlater . A pull queueactively requestghatthe input operator
producedata(by callingits method)in responséoa  call onthepartof the outputoperator(see
Figure5b).

Pushqueuesnale it possiblefor sensoistreamgo work. Whenasensotuplearrivesatasensotproxy, that
proxy pusheghosetuplesontothe input queuesf the querieswhich useit asa source.The operatorgiraining
thosequeuesever actively call the sensoiproxy; they merelyoperateon sensodataasit is pushednto them.

Figure4 illustratesajoin operatorover two sensoistreamsvhichworksby “zippering” togethetthe streams
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accordingto atime intenal. * Thejoin is not awvarewhetherits inputsarebeingpushedn asstreamsor being
pulled from disk. Similarly, it doesnot know whetherits outputis being pushednto or pulled by its parent
operator:the queueson eithersideactasan abstractiorbarrierwhich allow it to function properlyirrespectre

of the data o w propertiesof its childrenand parent. In the examplehere,the pull queueson the input poll

(without blocking) the operatingsystemto seeif datais ready The join alternatesbetweencheckingthese
inputsfor data. If datais pushednto oneof thesequeuesthe join checksto seeif a matchingtuple from the
otherstreamhasarrivedin the currenttime window. If onehas,thetwo tuplesarejoinedandenqueueadn the
outputqueue.Otherwisethejoin waitsuntil theendof thecurrenttime window andperformsanouterjoin with

the oneresulttuple andthe null value. Whenthe join's parenttries to dequeuea result,the outputpull queue
blocksandrepeatedlyscheduleshe zipperjoin until it producesaresult.

We now presentadetailedview of theinternalsof a Fjord operator

3.1.3 StateBasedExecution Model

Theprogrammingnodelfor operatorss baseduponstatemachineseachoperatorin thequeryplanrepresents
a statein a transitiondiagram,andassuch,an operatoris requiredto implementonly a single method:

which, givenacurrentstate andsomesetof inputs causeshe operatorto transitionto a new
state(or remainin the samestate)andpossiblyproducesomesetof outputtuples . Implicit in this modelof
stateprogrammings that operatorsdo not block: whenan operatomeedsto poll for data,it checksits input
gueueonceper call, andsimply transitionsbackto until databecomesavailable. Alternatively,
someoperatorssuchasEddy[3] and XJoin [36] aredesignedo pursueothercomputation(e.g. transitionto
stateotherthan ) whenno datais available on a particularinput; the Fjordsprogrammingmodelis naturally
suitedto suchadaptve queryprocessingystems.

Formulatingquery plan operatorsas state-machinetatespresentsseveral interestingissues. It leadsto
operatorswhich are neither“push” nor “pull”; they simply look for input and operateon that input whenit
is available. Traditionalpull-baseddatabasesemanticareimplementedvia the queuebetweenwo operators:
when an operatorlooks for dataon a pull-basedinput queue,that queueissuesa procedurecall to the child

1This type of join is similar to the multiplex stream-combinationperatorin the Tribecasystem[35], or the band-joinproposedn

(9.
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public class Select extends Module public class PullQueue implements
Predicate filter; /I Theselectionpredicateto apply QueuelF
QueuelF inputQueue; /I Modulesthis Queueconnects
Module below, above;
public  TuplelF transition(StatelF state) StatelF  bSt;
MsgIF mesg;
TuplelF tuple = null; public  MsgIF get()
/lLook for data on input queue TuplelF  tup=null;
mesg = inputQueue.get(); /I Loop,pulling frombelow
if (mesg !'= null) while  (tup == null)
/I If thisis a tuple ched to seeif it passegredicate tup=below.transition(bSt);
if (mesg instanceof TupleMsg  && ... ched for errors,idle ...
filter.apply(((TupleMsg)mesg).getTuple()))
tuple=((TupleMsg)mesg).getTuple(); return  new TupleMsg(tuple);
else ... handleotherkindsof messges...
... adjuststate: Selecis statelesssonothingto dohere ...
return  tuple;  // returningnull meansothingto output

(a)SelectiorDperator (b)PullQueue
Figure5: CodeSnippetror SelectiorOpeiator and Pull Queue

operatoraskingit to producedataand forcesthe caller to block until the child producesdata. This allows
operatorgo be combinedn arbitraryarrangementsf pushandpull.

Figure5 shavs pseudocodéor an exampleselectionoperator(Figure5a) andpull queue(Figure5h) The
selectionoperatorsimply checksits queueto seeif thereis dataavailable;the queuemay or may not actually
returnatuple. If thatqueuds aninstanceof a pull queuethe methodof the operatorbelov will be
calleduntil it producesatupleor anerrot

State-machinprogrammingequiresa shiftin the cornventionalthinking abouthow operatorsvork. Telling
amoduleto doesnotforceit to produceatuple,or constraint to producingonly asingletuple. The
modulecomputegor someperiodof time, thenreturnscontrolto the schedulemwhich choosesnothemodule
to to. A badly behaed operatorcanblock for long periodsof time, effectively preventing other
operatorsrom beingableto runif all modulesarein asinglethread.The schedulecanaccountor thisto some
extentby usingaticket schemewnhereoperatorsarechageda numberof tickets proportionalto the amountof
time they computeasin [37]. This problem,however, is notrestrictedo Fjords:in generalfaulty operatorgan
impair aniteratorbasedgueryplanaswell. In our experiencewe have notfoundthatthis state-machinenodel
makesoperatordevelopmentoverly dif cult.

Oneimportantadwantageof a statemachinemodelis thatit reduceghenumberof threads Traditionalpush-
basedschemeglaceeachpushingoperatorin its own thread;that operatorproducesdataas fastas possible
andenqueuest. The problemwith this approachis that operatorsystemthreadspackagesften allow only
very coarsecontrol over threadscheduling,and databasesystemsmay want to prioritize particularoperators
ata ne granularityratherthandevoting nearly-equatime slicesto all operators.Our schedulemechanism
enableghis kind of ne-grain prioritization by allowing Fjord buildersto specify their own schedulemwhich

somemodulesmore frequentlythan others. Furthermore on someoperatingsystemsthreads
are quite heavyweight: they have a high memoryand context-switch overhead[39]. Sinceall statemachine
operatorganrunin asinglethread,we never paythesepenaltiesregardlesf the operatingsystem.
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3.1.4 SensorSensitve Operators

Fjordscanusestandarddatabas@peratorsput to be ableto run queriesover streamingdata,specialoperators
thatare aware of the in nite natureof streamsarerequired,suchasthoseproposedn [33]. Somerelational
operatorslike selectiongndprojectionswork with streamsvithoutmodi cation. Otherscannotbeappliedto a
streamof data:aggr@atedik e averageandcountandsortsfall underthis catggory. Somejoin implementations,
suchassort-mege join, which requiretheentireouterrelationalsofail. We usea variety of specialoperatorsn
placeof thesesolutions.

First,non-blockingoin operatorganbeusedo allow incrementajoinsover stream®f data.Suchoperators
have beendiscussedn detailin adaptve queryprocessingystemssuchasXjoin [36], Tukwila [20], Eddy[3]
and Ripple Joins[14]. We have implementedan in memory symmetrichash-join[40], which maintainsa
hashtabldor eachrelation. Whena tuple arrives, it is hashednto the appropriatehashtable, andthe other
relations tableis probedfor matches.Thistechniquends all joining tuples,is reasonablef cient, is tolerant
to delaysin eitherdatasource,andis non-blockingwith respectto both relations. Of course,when streams
arein nite andstorages limited, eventuallysomedatamustbe discarded We choseto implementa “cleaner”
processhich scanshashtable$or oldertuplesto discardwhena lI-threshold is reached.

It is alsopossibleto de ne aggregyateoperators|ike countandaverage which outputresultsperiodically;
wheneeratuplearrivesfrom thestreamtheaggr@ateis updatedandits revisedvalueis forwardedto theuser
Of coursethisincrementabggreationrequiresoperatorsipstreanfrom the aggrgatesto understandhatval-
uesarebeingupdatedandfor the userinterfaceto redisplayupdatedaggrgatevalues.Similartechniquesvere
alsodevelopedin the context of adaptve databasedpr instancethe CONTROL Projects Online Aggregation
algorithmg[15] andthe NiagaralnternetQuerySysten{34].

If traditional(i.e. blocking) aggre@ates,sorts, or joins must be used,a solutionis to requirethat these
operatorsspecifya subsef the streamwhich they operateover. This subseis typically de ned by upperand
lower time boundsor by a samplecount. De ning sucha subseteffectively convertsanin nite streaminto a
regularrelationwhich canbeusedin ary databaseperator This approachs similar to previouswork doneon
windowsin sequencelatabassystemg33, 35].

Insteadof using windowed operatorswe canrely on a userinterfaceto keeptuplesin a sortedlist and
updateaggrgatesastuplesarrive. Suchan interfaceneedsotherfunctionality: astuplesstreamendlesslyin,
it will eventuallyneedto discardsomeof them,andthussomeeviction policy is needed.Furthermoresince
gueriesnever end,the userneedgo be givenaway to stopa continuousquerymidstream.The Control project
discusses varietyapproacheto suchinterfaces[1§.

By integratingthesenon-blockingoperatordanto our system,we cantake full advantageof Fjords' ability
to mix pushandpull semanticsvithin a queryplan. Sensordatacan o w into Fjords,be Itered or joined by
non-blockingoperatorsor be combinedwith local sourcesvia windowved and traditional operatorsn a very
e xible way.

3.2 SensorProxy

The secondmajor componenbf our sensoquery solutionis the sensoproxy, which actsasan interfacebe-
tweena single sensorandthe Fjordsqueryingthat sensar The proxy senesa numberof purposes.The most
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importantof theseis to shieldthe sensorfrom having to deliver datato hundredsof interestedend-users.It
acceptsand servicesguerieson behalfon the sensarusing the sensors processoto simplify this taskwhen
possible.

In orderto keepthe sensors radio-receier powereddownn asmuchaspossible the proxy only sendscon-
trol messageto the sensorduring limited intenals. As a sensorrelayssampledo the proxy, it occasionally
piggybacksa few bytesindicatingthatit will listento the radio for someshortperiod of time following the
currentsample. The exactdurationof this window andintenal betweernwindowns depend®n the sensorsand
sampleratesin questionwe expectthatfor our trafc sensotervironmentthe window sizewill be afew tens-
of-millisecondsper second. Thoughthis is a signi cant power cost, it is far lessthanthe costof keepingthe
recever powveredup atall times.

Onefunctionof controlmessageis to adjustthe samplerateof the sensorsbasedn userdemandlf users
areonly interestedn a few sampleger secondtheres no reasorfor sensorgo sampleat hundredsof hertz,
sincelower sampleratesaredirectly proportionalto longerbatterylife. Similarly, if thereareno userqueries
over a sensagrthe sensomproxy canaskthe sensorto power off for a long period, coming online every few
seconddo seeif querieshave beenissued.

An additionalrole of theproxyis to directthesensoto aggrgatesamplesn prede nedways,orto dovnload
a completelynew programinto the sensoiif needed.For instancejn ourtrafc scenariothe proxy candirect
the sensorto useone of several samplingalgorithmsdependingon the amountof detail userqueriesrequire.
Or, if the proxy obseresthatall of the currentuserqueriesareinterestednly in sampleswith valuesabove or
belov somethresholdthe proxy caninstructthe sensorto not transmitsamplesutsidethatthreshold thereby
saving communication.

Sensoiproxiesare long-runningservicesthat exist acrossmary userqueriesand route tuplesto different
gueryoperatordasecn sampleratesand Itration predicatespeci ed by eachquery Whena new userquery
over a sensoistreamis createdthe proxy for that sensoiis locatedandthe queryis installed. Whenthe user
stopsthe query the proxy stopsrelayingtuplesfor thatquery but continuego monitorandmanagehe sensor
evenwhenno queriesarebeingrun.

We expectthatin mary casegherewill beanumberof usersinterestedn datafrom a singlesensarAs we
shawv in Section4.3 belaw, the sensoproxy candramaticallyincreasehethroughputof a Fjord by limiting the
numberof copiesof sensottuples o wing throughthe query processoto just one per sample,andhaving the
userqueriessharethe sametupledata.

3.3 Building A Fjord

GivenFjord operatorsandsensoiproxiesasthe main elementf our solution,it is straightforvard to generate
a Fjord from a userqueryover a sensar For this discussionwe will make the simpleassumptiorthatqueries
consistof asetof selectiongo beapplied,alist of relationsto bejoined,andanoptionalaggrgationandgroup-
ing expression We arenot focusedon a particularquerylanguageandbelieve Fjordsarea usefularchitectural
constructfor arny querylanguage- otherresearctprojects suchasPredatoandTribeca,have proposediseful
languagedor queryingstreamingdata,which we believe arereadilyadaptabléo our architecturd33, 35]. We
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do notallow joins of two streams’ nor canwe aggreateor sorta stream.Usersareallowedto de ne windows
on streamswhich canbe sorted,aggr@ated,or joined. A single streamcan be joined with a stream-windao

or a x eddatasourceif it is treatedasthe outerrelationof anindex join or the proberelation of a hash-join.
Userscanoptionally specifya sample-ratdor sensorswhich is usedto determinethe rateat which tuplesare
deliveredfor thequery

Building the Fjord from sucha queryworks asfollows: for eachbaserelation , if is asensaorwe locate
the persistentlyunningsensomproxyfor . Wetheninstallourqueryinto 's proxy, askingit to delivertuplesat
theuserprovided samplerateandto applyary lters or aggr@ateswhich the userhasspeci edfor the sensor
stream. The proxy may chooseto fold those Iters or aggregatesinto existing predicatest hasbeenasled to
apply or it mayrequesthatthey be managedy separat®peratorsFor thoserelations thatdo notrepresent
sensorsye createa new scanoperatorover . We theninstantiateeachselectionoperator connectingt to a
base-relatiorscanor earlierselectionoperatorasappropriate.lf the base-relations a sensarwe connectthe
selectiorvia apush-queuaneaninghatthesensowill pushresultsinto theselection.For non-sensorelations,
we usea pull queue,which will causethe selectionto invoke the scanwhenit looks for a tuple on its input
queue.

We thenconnecfoin-operatorgo thesechainsof scansandselectsperformingjoinsin the orderindicated
by astandardtaticqueryoptimizer suchastheonepresentedh [32]. If neitherof thejoinedrelationsrepresents
a sensarwe choosehejoin-methodrecommendedy the optimizer If onerelationis a sensarwe useit asthe
proberelationof a hashjoin, hashinginto the staticrelationaseachstreamtuple is pushednto the join. The
outputof ajoin is a pushqueuef onerelationis from a sensaranda pull queueotherwise.

Sortsandaggregjatesareplacedat thetop of the queryplan. In the casewhereoneof therelationsis from a
sensarbut theuserhasspeci ed awindow size,we treatthis asa non-sensorelationby interposinga ltration
operatoraborve the sensoiproxy which passesnly thosetuplesin thespeci edwindow.

3.4 Multiple Queriesin a SingleFjord

Oneway in which streamingdatadiffers from traditional datasourcess thatit is inseparablytied with the
notion of now. Queriesover streamsegin looking at the tuplesproducedstartingat the instantthe queryis
posed- the history of the streamis not relevant. For this reason|t is possibleto sharesigni cant amountsof
computatiorandmemorybetweerseveral queriesover the samesetof datasourceswhenatupleis allocated
from a particulardatasource thattuple canimmediatelybe routedto all queriesover thatsource- effectively,
all queriesarereadingfrom the samelocationin the streamingdataset. This meanghat streaminguplesneed
only beallocatedonce,andthatselectionoperatorsover the samesourcecanapply multiple predicatest once.
Fjordsexplicitly enablethis sharingby instantiatingstreamingscanoperatorsvith multiple outputsthatallocate
only a single copy of every streamingtuple; nenv queriesover the samestreamingsourceare folded into an
existing Fjord ratherthanbeingplacedin a separatd-jord. A completediscussiorof how this allocationand
queryfolding worksis beyondthe scopeof this paper but relatedideasarepresentedh literatureon continuous
queries[6, 23]. We will, however, shav how this folding can be usedto improve query performancen the
resultssectionwhich follows.

2Two streamsanbejoined by “zippering” themtogetherasthey o w past,but this works only whenstreamsaresynchronizednd
egi-joinedon sampletime, asin Figure4 above.
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4 Traf c Implementation and Results

We now presentwo performancestudiesto motivatethe architecturegivenabove. The rst study givenin this
section,coversthe performancenf Fjords. The secondstudy givenin Section5, examinesthe interactionof
sensopower consumptiorandthe sensoiproxy anddemonstrateseveralapproacheto traf ¢ sensoprograms
which candramaticallyaltersensotifetime.

In this section,we shawv how the Fjord and sensoiproxy architecturexanbe appliedto the traf c-sensor
environment.We begin by giving examplesof queriesover thosesensorsthenshaw alternatvesfor translating
oneof thosequeriesnto aFjord, andthen nally presentwo Fjord performancexperiments.

4.1 Traf c Queries

We presentheretwo samplequerieswhich we will referto throughthe restof the section,as given by the
following SQL excerpts.Thesequeriesarerepresentate of thetypesof queriescommutersnightrealistically
askof atrafc inquiry system.They arenot meantto testthe full functionality of our queryevaluationengine.
We arenot, asof yet, committedto SQL asthe languageof choicefor queriesover sensordatabut it is the
languageour toolscurrentlysupport.

Thesequeriesarerun over datafrom 32 of CalTrans'inductive loops collectedby an oldergeneratiornof
sensorgquippedvith wirelessradiolinks thatrelaydatabackto UC Berkeley. Thesesensorgonsistof sixteen
setsof two sensorgreferredto as“upstream”and“downstream”),with one pair on eitherside of the freewvay
on eight distinct sgmentsof 1-80 nearUC Berkeley. The sensorsare 386-classdeviceswith Ricochet19.2
kilobit modemlinks to the Internet.They collectdataat 60Hzandrelayit backto a Berkeley sener, whereit is
aggregatedinto countsof carsandaveragespeedsor distributedto variousdatabasesourcegsuchasours)via
JDBC updates Becauseave cannotactuallydeplo a mote-basedensometwork ontothe freevay, we usethis
streamingdatafor the Fjord-experimentgresentedn this section.

Queryl

SELECT AVG(s.speed, )
FROMsensorReadings AS s
WHEREs.segment

This query selectsthe averagespeedover segmentsof the road, using an averagewindow interval of
Thesequeriescanbe evaluatedusingjust the streamingdatacurrentlyarriving into the system.Thg requireno

additionaldatasource®r accesdo historicalinformation.
Query?2
SELECT AVG(s.speed, ), i.description
FROMuincidents as |,
sensorReadings as s
WHEREi.time >= now -
GROUPBY i.description
HAVING >
(SELECT AVG(s.speed, )
FROMsensorReadings as s
WHERE.segment = s.segment
AND s.segment )
This queryjoins sensoreadingsrom slow roadsegmentsthe useris interestedn to traf ¢ incidentswhich
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areknown to have recentlyoccurredn the Bay Area. Slow roadsegmentsarethosewith anaveragespeedess
than . Thesetof sgmentgheuseris interestedn is . Recentlymeanssince
seconddbeforethe currenttime. The CaliforniaHighway Patrol maintainsa website of reported
incidentsall over California,whichwe canuseto build theincidentsrelation.[5]. Evaluatingthis queryrequires
ajoin betweenristoricalandstreaminglata,andis considerablynorecomplicatedo evaluatethanQuery1.

4.2 Trafc Fjords

In this section,we shawv two alternatve Fjordswhich correspondo Queryl above. Spacdimitations preclude
usfrom including similar diagramgor Query2; we will discusghe performancesf Query?2 brie y in Section
4.3.2.

Figure6 shawvs oneFjordwhich correspondso Queryl. Likethequery it is quitesimple:tuplesarerouted
rst fromtheBHL senerto asensoproxy operatorwhichusesa JDBCinputqueueto acceptncomingtuples.
This proxy collectsstreamingdatafor variousstationsaverageghe speedsver sometime intenal, andthen
routesthoseaggr@atesto the multiplex operatorwhich forwardstuplesto both a save-to-diskoperatoranda
Iter operatorfor the clausein queryl. The save-to-diskoperatoractsasa logging mechanismusersmay
later wish to recall historicalinformationover which they previously posedqueries.The Iter operatorselects
tuplesbasedn theuserquery anddeliversto the usera streamof currentspeeddgor therelevantroadsegment.

Notice thatthe data o w in this queryis completelypushdriven: asdataarrivesfrom the sensorsit o ws
throughthe system.Userqueriesare usedto parameterizé-jord operatorsput the queriesthemselesdo not
causeary datato befetchedor delivered. Also notethatuserqueriesare continuous:datais deliveredperiod-
ically until the userabortsthe query The factthatdatais pushedfrom sensorsliminatesproblemsthatsuch
a systemcould experienceasa resultof delayedor missingsensomata: sincethe sensoiis driving the o w of
tuples,nodatawill beoutputfor of ine sensorshut datafrom othersensorso wing throughthe samerjord will
notbeblocked while the queryprocessowaitsfor thoseof ine sources.

Figure 6 works well for a single query but whataboutthe casewheremultiple usersposequeriesof the
sametypeasQueryl, but with different Iter predicate$or thesegmentsof interest?Thenaive approactwould
beto generatenultiple Fjords,oneperquery eachof which aggrgatesand lters the dataindependentlyThis
is clearlyabadidea,astheallocationandaggregationof tuplesperformedn thequeryis identicalin eachcase.
Theability to dynamicallycombinesuchqueriess akey aspecof theFjordsarchitectureandis similarto work
doneasa partof Wisconsins NiagaraCQproject[d. A Fjord with sucha combinedsensoiproxy is illustrated
in Figure?.

4.3 Fjords for Performance

Having describedhe Fjordsfor our examplequerieswe now presentwo experimentgelatedto Fjords: In the
rst, we demonstratéhe performancedwantageof combiningrelatedqueriesnto asingleFjord. In thesecond,
we demonstrat¢éhatthe Fjordsarchitectureallows usto scaleto alarge numberof simultaneousjueries.

We implementedhe described~jords architecture using join and selectionoperatorswvhich had already
beenhbuilt asa part of the Telegraphdata ow project. All querieswere run on a single, unloadedPentium
[l 933Mhz with a single EIDE drive running Linux 2.2.18using Sun's Java Hotspot1.3 JDK. To drive the
experimentsve usetracesobtainedrom the BHL trafc sensorsThesetracesarestoredin a le, whichisread
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Figure6: Fjord Correspondingo Queryl

onceinto abuffer atthebeginning of eachexperimentsothattestswith multiple queriesover asinglesensoiare
not penalizedfor multiple simultaneouslisk I0s on a singlemachine. This datasetconsistsof recordsof the

form , with thefollowing values:

The starttime of this samplewindow

Thelanefor thissample

Thestationnumberfor this sample
Theaveragespeedf vehiclesobseredin this sample
Thenumberof vehiclesobseredin this sample

For the particularqueriesdiscussedhere,samplewindow sizeis notimportant,sowe generatdraceswith

30-secondvindows. Thetrace le containedl076730-byterecordscorrespondingo trafc o w at a single
sensoduringJune'00.

4.3.1 Combining Fjords to IncreaseThroughput

For the rst experiment,we compareiwo approache$o runningmultiple queriesover a singlestreamingdata
source.For bothapproachessomesetof userqueries, , is submitted.Eachqueryconsistof a predicateo
beevaluatedagainsthedatastreamingrom asinglesensarThe rst approachgalledthemulti-Fjord approach

Fjord
o Sensor Proxy ! %
m AVG(Speed) over . -&L'J,
/> s
[l . time interval P b
’ P Data Stream ,/ S5
| N A Y
- . , Fad
[|~ - Multiplex ! ) }
Air v (@} P
= bucter |
1 N f
' BHL Server and — . .
Wireless Basestation v : !
o £Bisk3 o Oufput
[l { (mmnnrl v |—'—I —Streams—
... sld, time, u segmen
’ m{eaSSpeed .} L1 {userSegment}?
Wireless Sensors

Figure7: Fjord Correspondingo Queryl For Multiple UserQueries
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allocatesa separatd-jord (suchasthe oneshawn in Figure6) for eachquery . In the secondapproach,
calledthe single Fjord approachjust one Fjord is createdfor all of the queries. This Fjord containsa Iter
operatorfor eachof the queries(asshavn in Figure7.) Thus,in the rst case, threadsarecreatedeach
runninga Fjord with a single Iter operatorwhile in the secondcase only a singlethreadis running, but the
Fjordhas Iter operatorsWeimplementeaverysimpleround-robinschedulewhichschedulegachoperator
in successiomneaftertheother whichis usedin bothcases.

In orderto isolatethe costof evaluating Iters, we alsopresentesultsfor both of thesearchitecturesvhen
usedwith no Iter operator(e.g. the sensomproxy outputsdirectly to the userqueue) andwith a null-operator
thatsimply forwardstuplesfrom the sensoiproxy to theenduser

Figure8 shaws the performanceesultsof the two experimentsshaving total querytime (Figure8(a)) and
time perquery(Figure8(b)). All experimentswvererun with 150 MB of RAM allocatedto the JVM andwith
a 4MB tuple pool allocatedto eachFjord. Notice thatthe single-Fjordversionhandily outperformshe multi-
Fjord versionin all caseshut thatthe costof the selectionandnull- lter is the samein both caseq300 and
600millisecondsperquery respectrely). This behaior is dueto severalreasonsFirst, thereis substantiatost
for laying out additionaltuplesin the buffer poolsof eachof the Fjordsin the multi-Fjord case.In the single
Fjord case gachtupleis readoncefrom disk, placedin the buffer pool, andnever againcopied.Secondthereis
someoverheaddueto context switchingbetweermultiple Fjord-threadsFigure8(b) re ects the directbene t
of sharingthe sensoiproxy: additionalqueriesn the single-fijordversionarelessexpensve thanthe rst query
whereaghey continueto be aboutthe sameamountof work asa singlequeryin the multi-fiord version. The
spike in the multi-fiords lines at two queriesin 8(b) is dueto queriesbuilding up very long queuef output
tuples,which aredrainedby a separatehread. Our queuesbecomeslowver whenthereare morethana few
thousancelementon them. This doesnot occurfor moresimultaneousgjueriesbecaus@achFjord-threaduns
for lesstime, andthuseachoutputqueues shorterandperformsbetter This is the samereasorthe slopeof the
single-fiordlinesin Figure8(b) dropsoff: all queriessharea singleoutputqueuewhich becomewerylong for
lots of queries.

4.3.2 Scalingto a LargeNumber of Queries

In the previous section,we shaved the advantageof combiningsimilar userqueriesinto a single Fjord. Now,
in the secondexperiment,we shav thatthis solutionmalkesit possibleto handlea very large numberof user
qgueriesIn theseestswecreated userqueriesgachof whichappliedasimple lter tothesamesensostream,
in the style of Query1 in Section4.1. We instantiateda Fjord with a single sensomproxy, plus oneselection
operatorper query We allocated150MB of RAM to the queryengineand gave the Fjord a 4MB tuple pool.
We usedthesamedata le asin the previoussection.Figure9(b) shavs the numberof tupleswhich the system
processepersecondperqueryversus , while Figure9(a) shavs thethe aggrgatenumberof tuplesprocessed
versus . Thenumberof tuplespersecondperqueryis thelimit of therateatwhich sensorsandeliver tuples
to all usersandstill stayaheadof processingNotice thattotal tuple throughputclimbsup to about20 queries,
andthenremainsfairly constant.This leveling off happensasthe processofoad becomesnaximizeddueto
evaluationof the selectclausesandenqueuinganddequeuingf tuples.

We alsoran similar experimentsrom Query 2 (Section4.1). Due to spacelimitations, we do not present
theseresultsin detail. The resultsof this experimentswere similar to the Query 1 results: the sensoiproxy
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Figure8: Effectof CombiningMultiple Queriesinto A SingleFjord

amortizeghe costof stream-bffering andtuple allocationacrossall the queries.With Query2, the costof the
join is sufciently highthatthebene t of thisamortizationis lessdramatic:50 simultaneousgjuerieshave aper
guerycostwhichis only seven-percentessthanthe costof asinglequery

5 Controlling Power Consumptionvia Proxies

The experimentsn the previous sectiondemonstratedhe ability of Fjordsto ef ciently handlemary queries
over streamingdata.We now turn our attentionto anotherkey aspecof sensoilqueryprocessingtheimpactof

samplerateon both sensotifetime andthe ability of Fjordsto processensoata.In this section,we focuson

sensorghataresimilar to the wirelesssensorsnotesdescribedn Section2.1.2above. We chooseto usethis

designratherthanthe x edtrafc sensorsvhich arecurrentlydeplgred onthe freeway becauseave believe this

is amorerealisticmodelof theway sensorsn the nearfuturewill behae, andbecausé&martDussensorgan
beremotelyreprogrammedyhichis necessarjor implementinghetechniquesve describebelow.

5.1 Motesfor Traf ¢

In this sectionwe assumehatmotesareplacedor canself-oganizeinto pairsof sensorgessthana car's-length
apartandin the samelane. We call thesesensors , theupstreansensorand |, the downstreamsensar We
assumehat throughradio-telemetrywith x ed basestationandeachother of the sortdescribedn [28], it is
possiblefor the sensordo determinghattheir separatioralongthe axisof theroadis feet. Thesesensorsare
equippedwith light or infrareddetectorghattell themwhena caris passingoverhead.

Traf c engineersireinterestedn deducinghespeedandlengthof vehiclestraveling down thefreeway; this
is donevia four time-readings: , thetime thevehiclecovers ; , thetime the vehiclecompletelycovers
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both and ; ,thetimethevehiclecease$ocover ,and ,thetimethevehiclenolongercoverseither
sensarThesestatesaareshavn in Figure10. Noticethatthe collectionof thesetimescanbedoneindependently
by thesensorsif thequeryprocessoknows how they areplaced: collects and ,while collects and

. Giventhatthesensorare feetapartthespeedof avehicleis then , since is the
amountof time it takesfor thefront of thevehicleto travel from onesensotto the otherto the other Thelength
of thevehicleis just , since is thetime it takesfor boththefront andbackof thecarto
passhe 3.

Thesevaluesareimportantbecausehey indicatehow accuratehe timing measurementsom the sensors
needto be; imaginefor instancethat we wantedan estimateof the lengthof a carto anaccurag of onefoot.
Todothis,readings and mustbemadeto anaccurag of 6 inches,sothatthe maximumerrorof is
no greaterthan12 inches. Thus,the car cannottravel morethan6 inchesbetweensampleperiods. At 60mph,
simplephysicgellsusacarwill travel 6 inchesin .0056secondstequiringasamplerateof aboutl80Hz. Thisis
arelatvely high samplerate,and,aswe will shav in the next section,in a nave implementatiorwheresensors
transmitevery samplebackto the hostcomputerfor speedandlengthdetectionjs high enoughto severelylimit
thelife of sensor@andconstrainthe performancef the Fjord. Noticethatthis calculationassumesghe speedf
the vehicleis known; if we areestimatingthe lengthof the vehiclefrom our speedestimation,an even faster
samplerateis needed.

Sensorselay readinggo basestationsplacedregularly alongthe freewvay. Thesebasestationshave wired
Internetconnectionsor high-paver wirelessradioswhich can relay information back to central seners for
processing. Such basestationsare elevated, to overcomepropagationproblemsthat result betweensensors
that areon or embeddedn a low-re ectivity surfacelike the roadway. Sensordransmitsamplesalongwith
time-stampswhich canbegeneratedia techniquesuchasthoseproposedy researcherat UCLA [10] where
base-stationperiodicallybroadcasthetwork-time (NTP) valuesto the sensorswhich the sensoraiseto adjust
localskew in theirclocks. Time stampsareusedto coordinateeadingdrom sensopairs;theNTP basedscheme

3This analysisvasderived basedon computationgor inductive loop sensorsn [7].
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FigurelO: ehiclemoving acrosssensos  and  attimes , , ,and

proposedabore cankeepsensorclockssynchronizedvithin 1 of eachother Sincea 60mphcarwill travel
only 2mmin a microsecondthis mawgin of erroris morethanacceptabléo producemeasurementsccurateo
1 foot, our desiredaccurag for the vehiclelengthcomputationshavn above.

5.2 SensorPower-Consumption Simulation

The resultsdescribedn this sectionwere producedvia simulation. Processorcountswere obtainedby im-
plementingthe describedalgorithmson an Atmel simulator powver consumptiongures weredravn from the
Atmel 8515datashedR], andcommunicatiorcostsweredravn from the TinyOSresultsin [18], whichuseshe
RFM TR100916 Mhz [29] radiotranscerer. Tablel summarizeshe communicatiorandprocessocostsused
to modelpower consumptiornin this section.

We presenthreesensorscenarios.in the rst, sensorgelay databackto the hostPC at their samplerate,
performingno aggreation or processingand transmittingraw voltages. The codeis extremely simple: the
sensoreadsromits A-to-D input,useghe TinyOScommunicationprotocolto transmitthesamplethensleeps
until thenext sampleperiodarrives. In this nave approachpower consumptions dominatedy communication
costs. Figure11(a)illustratesthis; the idle cost,computationcost,and A-to-D costsareall so smallasto be
nearlyinvisible. For the baselinesamplerateof 180Hz,the power drav comesto 13mW or 2.6mA/h,enough
for our sensorpairsto power themselesfor abouta day anda half: clearly this approachdoesnot produce
low-maintenanceoadsensors Furthermorethis approactplacesa burdenon the databaseystem:asFigure

Tablel: SensorParameter Values. Power Parametes for Atmel8515Processoiand RFM TR100Radio.
Parameter | Value |

RadioXmit Enegy Cost
ProcessoYoltage
ProcessoCurrent(Active)
ProcessoCurrent(Idle)
ProcessoBpeed

A-to-D Current

A-to-D LatchTime
BatteryCapacity




Power Consumption vs. Samples / Sex Power Consumption vs. Samples / S Power Consumption vs. Samples / Sec
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Figurell: Powerconsumptiorior differentsensorimplementations

9(a)shaws, at 180 samples/peseconda Fjord is limited to about50 simultaneousimplequeries,f the entire
samplestreamis routedthrougheachquery In practice,of course not all of the queriesareinterestedn the
entiredatastream sothe sensoiproxy canaggrgatethe samplesnto identi ed vehiclesor vehiclecounts.

In the secondscenario(shavn in Figure 9(b)), we usea small amountof processotime to dramatically
reducecommunicatiorcosts.Insteadof relayingraw voltagesthesensorebsere whenacarpassesverthem,
andtransmitthe or tuplesneededor thehostcomputetto reconstructhespeedandlengthof the
vehicle. Thesensorstill sampleinternallyatafastsamplerate,but relayonly afew samplegpersecond-in this
casewe assumao morethan vevehiclepassn ary particularsecond.This correspond$o avehicleevery 18
feetat 60 MPH, whichis avery cronded(anddangerous'highway. Pover consumptiorversussamplerateon
eachsensoiis shavn in Figurell1(b). In thisexample for highersamplerates powver consumptions dominated
by the processoand A-to-D corverter; communicationis nearly nggligible. At 180Hz, the total power draw
hasfallento 1.1mW or .22mA/h,still notidealfor along lived sensorbut enoughto power our trafc sensors
for amorereasonabléwo anda half weeks.Also, by aggr@atinganddecreasingherateat which samplesare
fedinto the queryprocessqrthe sensorgontritute to the processingf the queryandrequirefewer tuplesto be
routedthroughFjords. Althoughthis may seemlike a trivial savzingsin computationfor a singlesensarin an
ervironmentwith hundredsor thousand®sf trafc sensorsit is non-ngligible.

In the nal scenario,we further reducethe power demandsy no longertransmittinga sampleper car.
Instead,we only relay a countof the numberof vehiclesthatpassedn the previous secondpringing commu-
nicationscostsdown further for only a small additionalnumberof processoinstructionsper sample. Thisis
showvn in Figure11(c); the power draw at 180Hzis now only .38mW a threefoldreductionover the second
scenaricandnearlytwo ordersof magnitudebetterthanthe nave approach.Notice thatthe lengthandspeed
of vehiclescanno longerbe reconstructedpnly the numberof vehiclespassingover eachsensoiperseconds
given. We presenthis scenaricasan exampleof a techniquethat a properly programmedsensotproxy could
initiate whenit determineghatall currentuserqueriesareinterestednly in vehiclecounts.

To summarizefor this particularsenso@pplication thereareseveral possibleapproacheso samplingsen-
sors. For trafc sensorswe gave threesimple samplingalternatves which variedin power consumptiorby
nearlytwo ordersof magnitude.Thus,the choiceof sensoiprogramsre ect essentiatradeofs whendealing
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with low-powercomputing andhave adramaticeffectonbatterylife. Loweringthesamplerateincreasesensor
lifetime but reducegheaccurag of thesensors model. Aggregatingmultiple samplesn memaoryincreasegro-
cessormndCPU burdenbut reducecommunicatiorcost. Therefore a sensoiproxy which canactively monitor
sensorsweighinguserneedsand currentpower conditions,and appropriatelyprogramand control sensorss
necessaryor gettingacceptablsensombatterylife andperformance.

6 RelatedWork

Having presente@ur solutionfor queriesover streamsensodata,we now discusselatedprojectsin thesensor
anddatabaselomains.

6.1 RelatedDatabaseProjects

The work mostcloselyrelatedto oursis the Cougarprojectat Cornell[26]. Cougaris alsointendedfor query
processingover sensors.Their researchhowever, is morefocusedon modelingstreamsas persistentyirtual
relationsand enablinguserqueriesover sensorsvia abstractdata-types. Their publishedwork to datedoes
not focuson the power or resourcdimitations of sensorspecauseét hasbeengearedtoward larger, powvered
sensorsThey do notdiscusghepushbasechatureof sensostreamsOurwork is complementaryo theirin the
sensdhatthey aremorefocusedon modelingsensoistreamswhereaswve areinterestedn the practicalissues
involvedin ef ciently runningqueriesover streams.

Therehasbeenrecentwork on databaseto track moving objects,suchas[41]. In suchsystemspbject
positionupdatesaresimilarto sensotuplesin thatthey arrive unpredictablyandtheirarrival rateis directly tied
to numberof queriesvhichthedatabassystencanhandle. Thus,suchmobiledatabasesouldbeanapplication
for thetechniquesve presenin this paper

6.2 Distrib uted SensorNetworks

In theremotesensingcommunity therearea numberof systemsandarchitectureprojectsfocusedon building

sensomnetworkswheredata-processing performedn adistributedfashionby thesensorshemseles. In these
scenariossensorareprogrammedo beapplication-aware,andoperateby forwardingtheir readinggo nearby
sensorsindcollectingincomingreadinggo producealocally consistenview of whatis happeningroundthem.
As informationpropagatesroundthe network, eachsensolis betterableto form a modelof whatis goingon.

An exampleof sucha projectis the DirectedDiffusion model from the USC Information Sciencednstitute;
Usersposequerieso a particularsensomboutpeopleor vehiclesmoving in someregion, andsensorgiearthat
region propagateheir local readinggo the queriedwhich it aggreatesto answerthe query[19]. It is exciting

to think thatsucha decentralizeanodelof queryprocessings possible;however, we believe that, at leastfor

the currentgeneratiorof sensorspower, storageand processolimitations dictatethat x ed, powveredseners
areneededo performlarge scalesensoidata-processingn thesensorshemseles.
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6.3 Data Mining on Sensors

Currentscienti ¢ sensorresearchs similar to ary datamining andwarehousingapplication: data o ws into
local senersfrom eachsensarwhich createon-disksensorogs. At somelater point, this datais shippedto a
centralrepository which scientistdhenconnectto andexecutelarge aggrgateand subseigueriesto facilitate
their dataexploration. The DataCutteff4] systemexempli es currentresearchn this area:it focuseson pro-
viding anefcient platformin which scientistscancollectdatafrom multiple repositoriesandthenef ciently

aggrg@ateand subsetthat dataacrossmultiple dimensions. This modelis very differentfrom the interactve
sensolprocessingrvironmentwe ervision.

6.4 Languagesand Operators for Streams

Therehasbeensigni cantwork in thedatabaseommunityfocusednthelanguagendoperatoidesignissuesn
queryingstreams Early work soughtto designoperatordor streamsn the context of functionalprogramming
languagedike Lisp and ML [25], or for specializedegimeslike network-routerlog analysis[35]. Seshadri,
et. al. [33] bring this work fully into the domainof relationaldatabaseby describingextensiongo SQL for
stream-queryprocessingia windowedandincrementabperators.

The CONTROL project[16] discusseshe possibility of userinterfacesfor the incrementallysortingand
aggregating very large datasetswhich is alsoapplicableto streams.Shanmugasundaraet. al, [34] discuss
techniquedor percolatingpartialaggrgatesto enduserswhich alsoapply

Morerecentesearclonstreamgontinuego extendrelationaldatabasewith complex operatorgor combin-
ing andmining datastreamsFor instance[12] shaved singlepassalgorithmsto computecomple, correlated
aggr@atesover setsof streams.

6.5 Continuous Queries

Existingwork on continuousjueriesprovidessomeinterestingtechniquedor simultaneouslyrocessingnary
gueriesover a variety of datasources.Thesesystemgrovide animportantstartingpoint for our work but are
not directly applicableasthey arefocusedon continuousjueriesover traditionaldatabassourceor websites
andthusdont dealwith issuesspeci ¢ to streamingsensodata.

In the OpenCQsystem[23], continuousgueriesarevery similarto SQL triggers,exceptthatthey aremore
generalwith respecto thetablesandcolumnsthey canbe de ned over andaregearedoward re-esaluationof
expressionsaasdatasourcechangeratherthandependenc maintenanceln OpenCQ continuousgueriesare
four-elementuplesconsistingof a SQL-stylequery atriggercondition,a start-conditionandanend-condition.
Someeffort is takento combinerelatedpredicateso eliminateredundanevaluationsput theNiagaraC(system,
discussedhext, presentsa morerobustsolutionto this problem.

TheNiagaraCQproject[6] is alsofocusedon providing continuousjueriesover changingwebsites.Users
install querieswhich consistof an XML-QL [8] queryaswell asa durationandre-evaluationintenal. Queries
areevaluatedperiodicallybasedn whetherthe sitesthey queryhave changedsincethequerywaslastrun. The
systemis gearedoward runningvery large numbersof queriesover diversedatasources.The systemis ableto
performwell by groupingsimilar queries extractingthe commonportion of thosequeries,andthenevaluating
the commonportion only once. We expectthat this techniquewill applyto streamingsensomueriesaswell:
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therewill bemary queriesover a particularstreamwhich sharecommonsubepressions.

7 Future Work and Conclusions

As wirelesscommunicationgechnologyand embeddedrocessingechnologiesonveme to allow the large
scaledeploymentof tiny, low-power, radio-drivensensorsef cient, power sensitve techniquegor queryingthe
datathey collectwill becrucial. Otherresearchasaddressethnguagesindoperatordor streamprocessing,
but ignoredissuesf data- ow integrationandsensopowermanagement.

Our sensotstreamprocessingolutionaddressethelow-level infrastructurassuesn asensosstreamquery
processowia two techniquesFirst, the Fjordsarchitecturecombinegroxies,non-blockingoperatorsandcon-
ventionalquery plans. This combinationallows streamingdatato be pushedhroughoperatorghat pull from
traditionaldatasourcesef ciently meiging streamsandlocal dataassampleso w past.Secondsensoiproxies
sene as mediatorsbetweensensorsand query plans,using sensorgo facilitate query processingvhile being
sensitve to their power, processqQrandcommunicationéimitations.

Thereareanumberof interestingareador futurework. In particular it would beusefulto integratetoolsfor
combiningcommonsub-partof userqueries We believe thatmary userswill formulatesimilar sensolqueries,
andtoolsfor rapidly evaluatingsimilar classe®f queriesareneededThe XFilter[1] andNiagaraCQ[f projects
bothoffer techniquedor extractingandevaluatingcommonpartsof userqueries.

Secondly Fjords are currently non-adaptie; thatis, they do not modify the order of joins in the faceof
sensomelaysor intermittentfailures. We planto explore the useof adaptve queryoperatorsuchasEddy[3
andXJoin[36 in Fjords.We believe thattheseoperatorgansene animportantrolein integratingnon-streaming
andstreamingdataby buffering streamingsourcesandmaskinglatenciesn traditionalsources.

The solutionswe have presentedare animportantpart of the TelegraphQuery Processingsystem,which
seekdo extendtraditionalqueryprocessingapabilitieso a variety of non-traditionabdatasourcesOur sensor
streamprocessingechniquesllow Telegraphto querysensorseamlesslhandef ciently.
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