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Abstract

If industry visionariesare correct,our lives will soonbe full of sensors,connectedtogetherin loose

conglomerationsvia wirelessnetworks,eachmonitoringandcollectingdataabouttheworld at large.These

sensorsbehaveverydifferentlyfromtraditionaldatabasesources:they haveintermittentconnectivity, arelim-

itedby severepowerconstraints,andtypically sampleperiodicallyandpushimmediately, keepingno record

of historicalinformation.Theselimitationsmake traditionaldatabasesystemsinappropriatefor queriesover

sensors.We presentthe Fjordsarchitecturefor managingmultiple queriesover many sensors,and show

how it canbeusedto limit sensorresourcedemandswhile maintaininghigh querythroughput.We evaluate

our architectureusingtracesfrom a network of traf�c sensorsdeployedon Interstate80 nearBerkeley and

presentperformanceresultsthatshow how querythroughput,communicationcosts,andpowerconsumption

arenecessarilycoupledin sensorenvironments.

1 Intr oduction

Overthepastfew years,agreatdealof attentionin thenetworkingandmobile-computingcommunitieshasbeen

directedtowardsbuildingnetworksof ad-hoccollectionsof sensorsscatteredthroughouttheworld. MIT, UCLA,

andUC Berkeley [21, 24, 11, 31] have all embarked on projectsto producesmall, wireless,battery-powered

sensorsandlow-level networkingprotocols.Theseprojectshavebroughtuscloseto thethevisionof ubiquitous

computing[38], in which computersandsensorsassistin every aspectof our lives.To fully realizethis vision,

however, it will benecessaryto combineandquerythesensorreadingsproducedby thesecollectionsof sensors.

Sensornetworkswill produceverylargeamountsof data,whichneedsto becombinedandaggregatedto analyze

andreactto theworld. Clearly, theability to apply traditionaldata-processinglanguagesandoperatorsto this

sensordatais highly desirable.Unfortunately, standardDBMS assumptionsaboutthe characteristicsof data

sourcesdo notapplyto sensors,soasigni�cantly differentarchitectureis needed.

Therearetwo primarydifferencesbetweensensorbaseddatasourcesandstandarddatabasesources.First,

sensorstypically deliver datain streams: they producedatacontinuously, oftenat well de�ned time intervals,

without having beenexplicitly asked for that data. Queriesover thosestreamsneedto be processedin near

real-time,partly becauseit is oftenextremelyexpensive to save raw sensorstreamsto disk, andpartly because

sensorstreamsrepresentreal-world events,like traf�c accidentsandattemptednetwork break-ins,which need

to berespondedto. Thesecondmajorchallengewith processingsensordatais thatsensorsarefundamentally

differentfrom theover-engineereddata-sourcestypical in abusinessDBMS.They donotdeliverdataat reliable
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rates,thedatais oftengarbled,andthey have limited processorandbatteryresourceswhich the queryengine

needsto conserve whenever possible.

Our contribution to the problemof queryingsensordataoperateson two levels: First, we proposean en-

hancedqueryplandata-structurecalledFjords(“Framework in Java for Operatorson RemoteDataStreams”),

which allows usersto posequeriesthatcombinestreaming,push-basedsensor-sourceswith traditionalsources

that producedatavia a blocking,pull-basediteratorinterface. To executethesequeries,our systemprovides

non-blockingandwindowedoperatorswhich aresuitedto streamingdata.Second,we proposepower-sensitive

Fjord operatorscalledsensor-proxieswhich serve asmediatorsbetweenthequeryprocessingenvironmentand

thephysicalsensors.

A key componentof Fjordsis that data�o ws into themfrom sensorsandis pushedinto queryoperators.

Operatorsdo not actively pull datato process,rather, they operateon the sampleswhensensorsmake them

available and are otherwiseidle. They never wait for a particulartuple to arrive. Becauseof this passive-

behavior, the adaptive-queryprocessingsituationof an operatorbeing“blocked”, waiting for input, doesnot

arise.

Sensordataprocessingandtherelatedareaof queryprocessingover datastreamshave beenthesubjectof

increasingattentionrecently. Researchprojectson sensornetworkshave begunto recognizetheimportanceof

dataprocessingissuessuchasaggregatingreadingsfrom multiplesensors[19, 22]. In thedatabasecommunity,

therehasbeensigni�cant work onqueryoperatorsandevaluationalgorithmsfor processingqueriesoverstreams

of data[35, 33, 30, 12]. In addition,theCougarprojectatCornellhasbeenexploringtheuseof Object-Relational

abstractionsfor queryingsensor-basedsystems[26]. Theseprojectsandotherrelatedefforts areproviding key

technologythatwill benecessaryfor dataintensivesensor-basedapplications.Ourwork differs,however, in that

it is focusedon providing theunderlyingsystemsarchitecture for sensordatamanagement.Thus,our focusis

ontheef�cient, adaptive,andpowersensitive infrastructureuponwhichthesenew queryprocessingapproaches

canbebuilt. To our knowledge,this is the�rst work addressingthelow level databaseenginesupportrequired

for sensor-centricdata-intensive systems.Weaddressrelatedwork in moredetail in Section6.

We now presentan overview of the sensor-query processingenvironmentanddiscussthe sensortestbed

whichwearebuilding. In theremainingsections,wepresentthespeci�c requirementsof sensorqueryprocess-

ing, proposeour solutionsfor satisfyingthoserequirements,presentsomeinitial performanceresults,discuss

relatedwork, offer directionsfor futurework andconclude.

2 Background

2.1 SensorEnvir onment

In this paper, we focuson a speci�c typeof sensorprocessingenvironmentin which therearea large number

of fairly simplesensorsover which userswantto posequeries.For our purposes,a sensorconsistsof a remote

measurementdevice thatprovidesdataat regular intervals. A sensormayhave somelimited processingability

or con�gurability, or maysimply outputa raw streamof measurements.Becausesensorshave at bestlimited

capabilities,we do not askthemto parsequeriesor keeptrackof which clientsneedto receive samplesfrom

them:they simplysampledata,aggregatethatdatainto largerpackets,androutethosepacketsto adataprocess-

ing node,which is a �x ed,powered,andwell-connectedserver or workstationwith abundantdisk andmemory



Draft Submitted for Publication, June26,2001.Do not distribute or cite without permission. 3

Sensor Proxy

Sensor Proxy

Sensors

>

User Terminal
Query
Processor

Tuples

Results

Queries

Figure1: EnvironmentFor SensorQueryProcessing

resources,suchaswouldbeusedin any conventionaldatabasesystem.Wecall thenodethatreceivessensordata

thesensor's proxy, sinceit servesasthatsensor's interfaceinto therestof thequeryprocessor. Typically, one

machineis theproxy for many sensors.Theproxy is responsiblefor packagingsamplesastuplesandrouting

thosetuplesto userqueriesasneeded.Thegeneralqueryenvironmentis shown in Figure1. Usersissuequeries

to theserver; theserverprocessesthequery, instantiatesoperatorsandlocatessensorproxies,andstartsthe�o w

of tuples.Althoughsensorsdo not directly participatein queryprocessing,their proxy canadjusttheir sample

rateor askthemto performsimpleaggregationbeforerelayingdata,which, aswe will show, is an important

aspectof ef�ciently runningqueriesover many sensors.

We arebuilding this systemasa partof theTelegraph[17] data�o w processingenginewhich is underde-

velopmentat UC Berkeley. We have extendedthis systemwith our Fjordsdata-�ow architecture.In Telegraph,

usersposequeriesat a workstationon which they expectresultsto appear. Thatworkstationtranslatesqueries

into Fjordsthroughaprocessanalogousto normalqueryoptimization.New Fjordsmaybemergedinto already

runningFjordswith similar structuresover thesamesensors,or may run independently. Queriesrun continu-

ouslybecausestreamsnever terminate;queriesareremovedfrom thesystemonly whentheuserexplicitly ends

thequery. Resultsarepushedfrom thesensorsout toward theuser, andaredeliveredassoonasthey become

available.

Information aboutavailable sensorsin the world is storedin a catalog,which is similar to a traditional

databasecatalog. The datathat sensorsprovide is assumedto be divisible into a typedschema,which users

canquerymuchasthey would any otherrelationaldatasource.Sensorssubmitsamples,which arekeyed by

sampletimeandlogically separatedinto �elds; theproxyconvertsthose�elds into nativedatabasetupleswhich

local databaseoperatorsunderstand.In this way, sensorsappearto be standardobject-relationaltables;this

is a techniqueproposedin theCougarprojectat Cornell[26], andis consistentwith Telegraph's view of other

non-traditionaldatasources,suchaswebpages,asrelationaltables.

2.1.1 Traf�c SensorTestbed

We have recentlybegunworking with theBerkeley Highway Lab (BHL), which, in conjunctionwith theCal-

ifornia Departmentof Transportation(CalTrans),is deploying a sensorinfrastructureon Bay Areafreewaysto
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Figure2: A TinyOSSensorMote

monitortraf�c conditions.Thequeryprocessingsystemwe presentis beingbuilt to supportthis infrastructure.

Thus,in thispaper, wewill usetraf�c scenariosto motivatemany of ourexamplesanddesigndecisions.

CalTranshasembeddedthousandsprimitivesensorsonBayAreahighwaysoverthepastfew decades.These

sensorsconsistof inductiveloopsthatregisterwheneveravehiclepassesoverthem,andcanbeusedtodetermine

aggregate�o w andvolumeinformationon a stretchof roadaswell asprovide grossestimatesof vehiclespeed

andlength.Typically theseloopsareusedto monitorspeci�c portionsof thehighwayby placingdata-collection

hardwareat sitesof interest. This datais not availablefor real-timeprocessing;datais simply collectedand

storedfor later, of�ine analysisof �o w patterns.

In thenearfuture,it is expectedthat real-timesensordatawill bewidely available,asCalTransis working

to deploy intelligentsensorswhich canrelay informationfrom all over theBay Areato its own engineersand

the BHL. With several thousandsensorsstreamingdata,ef�cient techniquesfor executingqueriesover those

streamswill becomecrucial.Theexactnatureof thisnew generationof sensorshasnotyetbeendetermined,but

a numberof groupsaroundthecountryareworking on architecturesandoperatingsystemsfor sensorswhich

areverywell-suitedto this typeof environment[21, 24, 11, 31].

2.1.2 Next-GenerationTraf�c Sensors

Currentresearchon sensordevicesis focusedon producingvery small sensorsthat canbe deployed in harsh

environments(e.g. thesurfaceof a freeway.) Currentsensorprototypesat UC Berkeley, MIT, andUCLA share

similar properties:they arevery small,wirelessradio-driven,andbatterypowered,with a currentsizeof about
�����

cm. Theultimategoal is to producedevicesin the
�������

range– aboutthesizeof a gnat[21]. We referto

suchminisculesensorsas“motes”. Currentprototypesuse8bit microprocessorswith small amountsof RAM

(lessthan32kBytes)runningfrom 1 to 16MHz, with asmallradiocapableof transmittingat tensof kilobits per

secondwith a rangeof a few hundredfeet[18]. Figure2 shows anexampleof sucha sensorfrom theTinyOS

projectat Berkeley.

As sensorsbecomeminiaturized,they will besmallenoughthatthey couldbescatteredoverthefreewaysuch

thatthey will not interferewith carsrunningover them,or could�t easilybetweenthegroovesin theroadway.

Sensorscouldbeconnectedto existinginductive loops,or beaugmentedwith light or pressuresensorsthatcould

detectwhenever acarpassedover them,inferring locationinformationfrom thelatenciesof thesensorsrelative

to the�x edbasestations[28]. Moteswould useradiosto relaysamplesto nearbywirelessbasestations,which

would, in turn, forwardthemto queryprocessingworkstations.



Draft Submitted for Publication, June26,2001.Do not distribute or cite without permission. 5

Onekey componentof this new generationof sensorsis that they arecapableof computationandremote

reprogramming.This provides control over the source,quality, and densityof samples. For example, two

sensorsin thesamelanewithin a few feetof eachotherarevirtually guaranteedto seethesamesetof cars,so

askingboth for thesameinformationis unnecessary. However, theremay be timeswhenthe two sensorscan

complementeachother– for instance,thelight sensoron onemotecouldbeusedto corroboratethereadingof

thepressuresensorfrom theother, or to verify thattheotheris functioningproperly.

Similarly, theability of motesto performsomecomputationandaggregationallows thecomputationalbur-

denon theserver andthecommunicationsburdenon themotesto bereduced.For example,ratherthandirectly

transmittingthevoltagereadingfrom a light sensormany timesa second,motescould transmita countof the

numberof carswhich have passedover themduring sometime interval, reducingtheamountof communica-

tion which is requiredandsaving thecentralserver from having to countthenumberof carsfrom thevoltage

readings.In anenvironmentwith tensof thousandsof sensors,thebene�tsof suchreductionscanbesubstantial.

2.2 Requirementsfor Query Processingover Sensors

Givenour desireto run queriesover thesetraf�c sensors,we now examinesomeof theissuesposedby sensors

thatarenotpresentin traditionaldatasources.In thissection,wefocusonthepropertiesof sensorsandstreaming

datawhichmustbetakeninto accountwhendesigningthelow level infrastructureneededto ef�ciently integrate

streamingsensordatainto aqueryprocessor. Thereareotherimportantissuesin sensor-streamprocessing,such

asquerylanguageandalgebradesignandthedetailedsemanticsof streamoperators,whicharenot thefocusof

thiswork. Wewill discussthesein moredetailin Section6.

2.2.1 Limitations of Sensors

Limited resourceavailability is an inherentpropertyof sensors. Scarceresourcesinclude batterycapacity,

communicationsbandwidth,andCPUcycles. Power is thede�ning limit: it is alwayspossibleto usea faster

processoror a morepowerful radio,but theserequiremorepower which often is not available. Currentsmall

batterytechnologyprovidesabout100mAhof capacity. This is enoughto driveasmallAtmel processor, like the

oneusedin severalwirelesssensorprototypes,at full speedfor only 3.5hours.Similarly, thecurrentTRM-1000

radio, alsousedin many sensorprototypes,usesabout4 � J per bit of datatransmitted:enoughto sendjust

14MB of datausingsucha battery. In practice,power requiredfor sendingdataover thewirelessradio is the

dominantcost[27], soit is oftenworthspendingmany CPUcyclesto conserve justa few bytesof radiotraf�c.

Oneprincipalway thatbatterypower is conserved is by poweringdown, or sleeping, partsof sensorswhen

they arenot needed.It is very importantthat sensorsmaximizethe useof theselow power modeswhenever

possible.An easyway to allow sensorsto spendmoretime sleepingis to decreasethe rateat which sensors

collectandrelaysamples.Thedatabasesystemmustenablethisby dynamicallyadjustingthesampleratebased

on currentqueryrequirements.

In additionto power limitations, sensorshave the addedfeaturethat they includesmall processorswhich

canbeusedto performsomeprocessingon samples.Databasesystemsneedto ableto take advantageof this

processingability, asit candramaticallyreducethepower consumptionof thesensorsandreducethe loadon

thequeryprocessoritself.
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2.2.2 StreamingData

Anotherpropertyof sensorsis that they producecontinuous,never endingstreamsof data(at least,until the

sensorsrun out of batterypower!). Any sensorqueryprocessingsystemneedsto beableto operatedirectly on

suchdatastreams.Becausestreamsarein�nite, operatorscannever computeover anentirestreamingrelation:

i.e. they cannotbeblocking. Many implementationsof traditionaloperators,suchassorts,aggregates,andsome

join algorithmstherefore,cannotbe used. Instead,the queryprocessormust includespecialoperatorswhich

deliver resultsincrementally, processingstreamingtuplesoneata time or in smallblocks.

Streamingdataalso implies that sensorspushdatainto a queryplan. Thus, the conventionalpull-based

iterator[13] modeldoesnot mapwell onto sensorstreams.Although possible,implementinga strict iterator

model-like interfaceon sensorsrequiresthemto wastepower andresources.To do so,sensorsmustkeepthe

receivers on their radiospoweredup at all times, listening for requestsfor datasamplesfrom multiple user

queries.Power, local storage,andcommunicationslimitationsmake it muchmorenaturalfor sensorsto deliver

sampleswhenthosesamplesbecomeavailable.

Sincemany sensorshavewirelessconnections,datastreamsmaybedeliveredintermittentlywith signi�cant

variability in availablebandwidth.Evenwhenconnectivity is generallygood,wirelesssensorconnectionscan

be interruptedby local sourcesof interference,suchas microwaves. Any sensordatabase-systemneedsto

expectvariablelatenciesanddroppedor garbledtuples,whichtraditionaldatabasesdonothandle.Furthermore,

becauseof thesehigh latencies,anoperatorlooking for asensortuplemaybeforcedto blockfor sometime if it

attemptsto pull a tuplefrom thesensor. Thus,operatorsmustprocessdataonly whensensorsmake it available.

2.2.3 ProcessingComplexQueries

Sensorsposeadditionaldif�culties in aqueryprocessingsystemwhichis runningcomplex orconcurrentqueries.

In many sensorscenarios,multipleusersposesimilarqueriesover thesamedatastreams.In thetraf�c scenario,

commuterswill want to know aboutroadconditionson the samesectionsof road,andso will issuequeries

againstthe samesensors.Sincestreamsareappend-only, thereis no reasonthat a particularsensorreading

shouldnotbesharedacrossmany queries.As ourexperimentsin Section4.3show, thissharinggreatlyimproves

theability of asensor-querysystemto handlemany simultaneousqueries.

Furthermore,thedemandsplacedon individual sensorsvarybasedontimeof day, currenttraf�c conditions,

anduserrequirements.At any particulartime usersarevery interestedin somesensors,andnotat all interested

in others.A queryprocessingsystemshouldbeableto accountfor thisby dynamicallyturningdown thesample

anddatadelivery ratesfor infrequentlyqueriedsensors.

Finally, usersqueryingsensorsneedawayto namethesensorsthatexist in theworld. Traditionaldatabases

assumethatusersknow thenamesof thesourcesthey wish to run queriesover. In a sensorenvironmentwith

thousandsof dynamicsensor-streams,this is not a realisticassumption.Instead,usersmustbeablequerythe

catalog,looking for sourceswhichhavedesiredproperties.For instancein our traf�c testbed,userswill needto

�nd sensorswhicharenearaspeci�c thepartof thefreeway.
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3 Solution

Having describedthe dif�culties involved integratingsensorstreamsinto a queryprocessor, we now present

our solution,which, aspreviously mentioned,consistsof two corecomponents:Fjords,an adaptive modular

data-�ow for combiningstreamingsensordataandtraditionaldatasources,andthesensor-proxy, for mediating

betweensensorsandthequery-processor, while takinginto accountthespeci�c limitationsof sensors.

3.1 Fjords: GeneralizedQuery Plansfor SensorStreams

A Fjordisageneralizationof traditionalapproachestoqueryplans:operatorsexportaniterator-like interfaceand

areconnectedtogethervia localpipesor wideareaqueues.Fjords,however, alsoprovidesupportfor integrating

streamingdatathat is pushedinto thesystemwith disk-baseddatawhich is pulledby traditionaloperators.As

we will show, Fjordsalsoallow combiningmultiple queriesinto a singleplan andexplicitly handleoperators

with multiple inputsandoutputs.

Previous databasearchitecturesarenot capableof combiningstreamingandstaticdata. They areeither

strictly pull-based,aswith thestandarditeratormodel,or strictly pushbased,asin parallelprocessingenviron-

ments.We believe that thehybrid approachadoptedby Fjords,wherebystreamscanbe combinedwith static

sourcesin a way which variesfrom query-to-queryis an essentialpart of any dataprocessingsystemwhich

claimsto beableto computeoverstreams.

Figure3 shows a Fjord runningacrosstwo machines,with theleft sidedetailingthemodulesrunningon a

local machine.Eachmachineinvolved in thequeryrunsa singlecontroller in its own thread.This controller

acceptsmessagesto instantiateoperators, which includethe setof standarddatabasemodules– join, select,

project,andso on. The controlleralsoconnectslocal operatorsvia queuesto otheroperatorswhich may be

runninglocally or remotely. Queuesexport thesameinterfacewhetherthey connecttwo localoperatorsor two

operatorsrunningondifferentmachines,thusallowing operatorsto beignorantof thenatureof theirconnection

to remotemachines.Eachqueryrunningonamachineis allocatedits own thread,andthatthreadis multiplexed

betweenthelocal operatorsvia procedurecalls(in a pull-basedarchitecture)or via a specialschedulermodule

thatdirectsoperatorsto consumeavailableinputsor to produceoutputsif they arenotexplicitly invokedby their

parentsin theplan.TheFjordshown in in Figure3 wasinstantiatedby amessagearriving at thelocalcontroller;

it appliestwo predicatesto a streamof tuplesgeneratedby joining asensorstreamwith a remotedisksource.

In therestof thissection,we discussthespeci�c architectureof operatorsandqueuesin Fjords.Wediscuss

speci�c operatorsfor streamsandpresentourpowersensitive operator, thesensorproxy. We thendescribehow

theconnectionof thoseoperatorsvia queuesformsaFjord,andshow how Fjordscanbeusedto sharethework

of multiplequeries.

3.1.1 Operators and Queues

Operatorsform thecorecomputationalunit of Fjords. Eachoperator� hasa setof input queues,��� anda set

of outputqueues��� . � readstuplesin any orderit choosesfrom �
� andoutputsany numberof tuplesto some

or all of thequeuesin �
�
. This de�nition of operatorsis intentionallyextremelygeneral:Fjordsarea data�ow

architecturethat is suitablefor building morethanjust traditionalqueryplans. For instance,in Section4 we

discussfolding multiple queriesinto a singleFjord; this is accomplishedby creatingoperatorswith multiple
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outputs.Theseoutputsrouteresultsof a singleselector join, or anentirequery, to multiple upstreamoperators

or endusers.

Queuesareresponsiblefor routingdatafrom oneoperator(theinput operator) to another(theoutputoper-

ator.) Queueshave only oneinput andoneoutputandperformno transformationon thedatathey carry. Like

operators,queuesarea generalstructure.Speci�c instancesof queuescanconnectlocal operatorsor remote

operators,behave in a pushor pull fashion,or offer transactionalpropertieswhich allow them to guarantee

exactly-oncedelivery.

Naturally, it is possiblefor aqueueto �ll. Whenthishappens,onehasnochoicebut to discardsomedata:as

is thecasewith network routersandmultimediastreams,it is not possibleto pausea streamof real-world data.

Thechoiceof whichdatato discardis applicationdependent,althoughwith sensorstypically theoldestsamples

shouldbethrown out �rst, asthey areleastrelevantto thecurrentstateof thesensor.

3.1.2 Flexible Data Flow

Thekey advantageof Fjordsis thatthey allow distributedqueryplansto useamixtureof pushandpull connec-

tionsbetweenoperators.Pushor pull is implementedby thequeue:a pushqueuerelieson its input operatorto
����� datainto it which theoutputoperatorcanlater ���

� . A pull queueactively requeststhat the input operator

producedata(by calling its �	��

������������� method)in responseto a ���

� call on thepartof theoutputoperator(see

Figure5b).

Pushqueuesmake it possiblefor sensorstreamsto work. Whenasensortuplearrivesatasensor-proxy, that

proxy pushesthosetuplesontotheinput queuesof thequerieswhich useit asa source.Theoperatorsdraining

thosequeuesnever actively call thesensorproxy; they merelyoperateon sensordataasit is pushedinto them.

Figure4 illustratesa join operatorover two sensorstreamswhichworksby “zippering” togetherthestreams
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accordingto a time interval. 1 Thejoin is not awarewhetherits inputsarebeingpushedin asstreamsor being

pulled from disk. Similarly, it doesnot know whetherits output is beingpushedinto or pulled by its parent

operator:thequeueson eithersideactasanabstractionbarrierwhich allow it to functionproperlyirrespective

of the data�o w propertiesof its childrenandparent. In the examplehere,the pull queueson the input poll

(without blocking) the operatingsystemto seeif datais ready. The join alternatesbetweencheckingthese

inputsfor data. If datais pushedinto oneof thesequeues,the join checksto seeif a matchingtuple from the

otherstreamhasarrived in thecurrenttime window. If onehas,thetwo tuplesarejoinedandenqueuedon the

outputqueue.Otherwise,thejoin waitsuntil theendof thecurrenttimewindow andperformsanouter-join with

theoneresulttupleandthenull value. Whenthe join's parenttries to dequeuea result,theoutputpull queue

blocksandrepeatedlyschedulesthezipperjoin until it producesa result.

Wenow presentadetailedview of theinternalsof aFjordoperator.

3.1.3 StateBasedExecutionModel

Theprogrammingmodelfor operatorsis baseduponstatemachines:eachoperatorin thequeryplanrepresents

a statein a transitiondiagram,andassuch,an operatoris requiredto implementonly a singlemethod: ���

��� 

��� ���	�	� ��� ��� ��� which,givenacurrentstate� andsomesetof inputs � causestheoperatorto transitionto anew

state(or remainin thesamestate)andpossiblyproducesomesetof outputtuples � . Implicit in this modelof

stateprogrammingis that operatorsdo not block: whenan operatorneedsto poll for data,it checksits input

queueonceper ��� 

��� ���	�	� � call, andsimply transitionsbackto � until databecomesavailable. Alternatively,

someoperators,suchasEddy [3] andXJoin [36] aredesignedto pursueothercomputation(e.g. transitionto

stateotherthan � ) whenno datais availableon a particularinput; theFjordsprogrammingmodelis naturally

suitedto suchadaptive queryprocessingsystems.

Formulatingquery plan operatorsas state-machinestatespresentsseveral interestingissues. It leadsto

operatorswhich areneither“push” nor “pull”: they simply look for input andoperateon that input whenit

is available. Traditionalpull-baseddatabasesemanticsareimplementedvia thequeuebetweentwo operators:

whenan operatorlooks for dataon a pull-basedinput queue,that queueissuesa procedurecall to the child
1This typeof join is similar to themultiplex stream-combinationoperatorin theTribecasystem[35], or theband-joinproposedin

[9].
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public class Select extends Module �

Predicate filter; // Theselectionpredicateto apply
QueueIF inputQueue;
...
public TupleIF transition(StateIF state) �

MsgIF mesg;
TupleIF tuple = null;
//Look for data on input queue
mesg = inputQueue.get();
if (mesg != null) �

// If this is a tuple, check to seeif it passespredicate
if (mesg instanceof TupleMsg &&

filter.apply(((TupleMsg)mesg).getTuple()))
tuple=((TupleMsg)mesg).getTuple();

else ... handleotherkindsof messages...
�

... adjuststate:Selectis stateless,sonothingto dohere ...
return tuple; // returningnull meansnothingto output

�

�

(a)SelectionOperator

public class PullQueue implements
QueueIF �

// ModulesthisQueueconnects
Module below, above;
StateIF bSt;
...
public MsgIF get() �

TupleIF tup=null;
// Loop,pulling frombelow
while (tup == null) �

tup=below.transition(bSt);
... check for errors, idle ...

�

return new TupleMsg(tuple);
�

�

(b)PullQueue

Figure5: CodeSnippetFor SelectionOperator andPull Queue

operatoraskingit to producedataand forcesthe caller to block until the child producesdata. This allows

operatorsto becombinedin arbitraryarrangementsof pushandpull.

Figure5 shows pseudocodefor anexampleselectionoperator(Figure5a)andpull queue(Figure5b.) The

selectionoperatorsimply checksits queueto seeif thereis dataavailable; thequeuemayor maynot actually

returna tuple. If thatqueueis aninstanceof apull queue,the �	��

�������	����� methodof theoperatorbelow will be

calleduntil it producesa tupleor anerror.

State-machineprogrammingrequiresashift in theconventionalthinkingabouthow operatorswork. Telling

amoduleto �	��

������������� doesnot forceit to producea tuple,or constrainit to producingonly asingletuple.The

modulecomputesfor someperiodof time, thenreturnscontrol to theschedulerwhich choosesanothermodule

to ����
 ��� ��������� to. A badly behaved operatorcanblock for long periodsof time, effectively preventingother

operatorsfrom beingableto run if all modulesarein asinglethread.Theschedulercanaccountfor this to some

extentby usinga ticket schemewhereoperatorsarechargeda numberof ticketsproportionalto theamountof

timethey compute,asin [37]. Thisproblem,however, is not restrictedto Fjords:in general,faultyoperatorscan

impairaniterator-basedqueryplanaswell. In ourexperience,wehave not foundthatthisstate-machinemodel

makesoperatordevelopmentoverly dif�cult.

Oneimportantadvantageof astatemachinemodelis thatit reducesthenumberof threads.Traditionalpush-

basedschemesplaceeachpushingoperatorin its own thread;that operatorproducesdataas fastaspossible

andenqueuesit. The problemwith this approachis that operator-systemthreadspackagesoften allow only

very coarsecontrol over threadscheduling,anddatabasesystemsmay want to prioritize particularoperators

at a �ne granularityratherthandevoting nearly-equaltime slicesto all operators.Our schedulermechanism

enablesthis kind of �ne-grain prioritization by allowing Fjord builders to specify their own schedulerwhich
��� 

��� ���	�	� ��� somemodulesmore frequentlythan others. Furthermore,on someoperatingsystems,threads

arequite heavyweight: they have a high memoryandcontext-switch overhead[39]. Sinceall statemachine

operatorscanrun in asinglethread,we never paythesepenalties,regardlessof theoperatingsystem.
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3.1.4 Sensor-Sensitive Operators

Fjordscanusestandarddatabaseoperators,but to beableto run queriesover streamingdata,specialoperators

that areawareof the in�nite natureof streamsarerequired,suchasthoseproposedin [33]. Somerelational

operators,likeselectionsandprojections,work with streamswithoutmodi�cation. Otherscannotbeappliedto a

streamof data:aggregateslikeaverageandcountandsortsfall underthiscategory. Somejoin implementations,

suchassort-mergejoin, which requiretheentireouterrelationalsofail. Weuseavarietyof specialoperatorsin

placeof thesesolutions.

First,non-blockingjoin operatorscanbeusedtoallow incrementaljoinsoverstreamsof data.Suchoperators

have beendiscussedin detail in adaptive queryprocessingsystemssuchasXjoin [36], Tukwila [20], Eddy[3]

and Ripple Joins [14]. We have implementedan in memorysymmetrichash-join[40], which maintainsa

hashtablefor eachrelation. Whena tuple arrives, it is hashedinto the appropriatehashtable,and the other

relation's tableis probedfor matches.This technique�nds all joining tuples,is reasonablyef�cient, is tolerant

to delaysin eitherdatasource,and is non-blockingwith respectto both relations. Of course,whenstreams

arein�nite andstorageis limited, eventuallysomedatamustbediscarded.We choseto implementa “cleaner”

processwhichscanshashtablesfor oldertuplesto discardwhena �ll-threshold is reached.

It is alsopossibleto de�ne aggregateoperators,like countandaverage,which outputresultsperiodically;

wheneveratuplearrivesfrom thestream,theaggregateis updated,andits revisedvalueis forwardedto theuser.

Of course,this incrementalaggregationrequiresoperatorsupstreamfrom theaggregatesto understandthatval-

uesarebeingupdated,andfor theuserinterfaceto redisplayupdatedaggregatevalues.Similar techniqueswere

alsodevelopedin thecontext of adaptive databases,for instance,theCONTROL Project's OnlineAggregation

algorithms[15] andtheNiagaraInternetQuerySystem[34].

If traditional (i.e. blocking) aggregates,sorts,or joins must be used,a solution is to requirethat these

operatorsspecifya subsetof thestreamwhich they operateover. This subsetis typically de�ned by upperand

lower time boundsor by a samplecount. De�ning sucha subseteffectively convertsan in�nite streaminto a

regularrelationwhich canbeusedin any databaseoperator. This approachis similar to previouswork doneon

windows in sequencedatabasesystems[33, 35].

Insteadof usingwindowed operators,we can rely on a userinterfaceto keeptuplesin a sortedlist and

updateaggregatesastuplesarrive. Suchan interfaceneedsotherfunctionality: astuplesstreamendlesslyin,

it will eventuallyneedto discardsomeof them,andthussomeeviction policy is needed.Furthermore,since

queriesnever end,theuserneedsto begivena way to stopa continuousquerymidstream.TheControlproject

discussesavarietyapproachesto suchinterfaces[16].

By integratingthesenon-blockingoperatorsinto our system,we cantake full advantageof Fjords' ability

to mix pushandpull semanticswithin a queryplan. Sensordatacan�o w into Fjords,be �ltered or joinedby

non-blockingoperators,or be combinedwith local sourcesvia windowed andtraditionaloperatorsin a very

�e xible way.

3.2 SensorProxy

The secondmajor componentof our sensor-querysolutionis the sensor-proxy, which actsasan interfacebe-

tweena singlesensorandtheFjordsqueryingthatsensor. Theproxy servesa numberof purposes.Themost
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importantof theseis to shield the sensorfrom having to deliver datato hundredsof interestedend-users.It

acceptsandservicesquerieson behalfon the sensor, usingthe sensor's processorto simplify this taskwhen

possible.

In orderto keepthesensor's radio-receiver powereddown asmuchaspossible,theproxy only sendscon-

trol messagesto the sensorduring limited intervals. As a sensorrelayssamplesto the proxy, it occasionally

piggybacksa few bytesindicatingthat it will listen to the radio for someshortperiodof time following the

currentsample.Theexactdurationof this window andinterval betweenwindows dependson thesensorsand

sampleratesin question;we expectthat for our traf�c sensorenvironmentthewindow sizewill bea few tens-

of-millisecondsper second.Thoughthis is a signi�cant power cost,it is far lessthanthe costof keepingthe

receiver poweredup atall times.

Onefunctionof controlmessagesis to adjustthesamplerateof thesensors,basedonuserdemand.If users

areonly interestedin a few samplespersecond,there's no reasonfor sensorsto sampleat hundredsof hertz,

sincelower sampleratesaredirectly proportionalto longerbatterylife. Similarly, if thereareno userqueries

over a sensor, the sensorproxy canask the sensorto power off for a long period,comingonline every few

secondsto seeif querieshave beenissued.

An additionalroleof theproxyis todirectthesensortoaggregatesamplesin prede�nedways,or todownload

a completelynew programinto thesensorif needed.For instance,in our traf�c scenario,theproxy candirect

the sensorto useoneof several samplingalgorithmsdependingon the amountof detail user-queriesrequire.

Or, if theproxy observesthatall of thecurrentuserqueriesareinterestedonly in sampleswith valuesabove or

below somethreshold,theproxy caninstructthesensorto not transmitsamplesoutsidethat threshold,thereby

saving communication.

Sensor-proxiesarelong-runningservicesthat exist acrossmany userqueriesandroutetuplesto different

queryoperatorsbasedon sampleratesand�ltration predicatesspeci�edby eachquery. Whena new userquery

over a sensor-streamis created,the proxy for that sensoris locatedandthequeryis installed. Whenthe user

stopsthequery, theproxy stopsrelayingtuplesfor thatquery, but continuesto monitorandmanagethesensor,

evenwhenno queriesarebeingrun.

Weexpectthatin many casestherewill bea numberof usersinterestedin datafrom a singlesensor. As we

show in Section4.3below, thesensorproxycandramaticallyincreasethethroughputof a Fjordby limiting the

numberof copiesof sensortuples�o wing throughthequeryprocessorto just onepersample,andhaving the

userqueriessharethesametupledata.

3.3 Building A Fjord

GivenFjord operatorsandsensorproxiesasthemainelementsof our solution,it is straightforward to generate

a Fjord from a userqueryover a sensor. For this discussion,we will make thesimpleassumptionthatqueries

consistof asetof selectionsto beapplied,a list of relationsto bejoined,andanoptionalaggregationandgroup-

ing expression.We arenot focusedon a particularquerylanguage,andbelieve Fjordsarea usefularchitectural

constructfor any querylanguage– otherresearchprojects,suchasPredatorandTribeca,have proposeduseful

languagesfor queryingstreamingdata,which we believe arereadilyadaptableto our architecture[33, 35]. We
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do not allow joinsof two streams2 nor canweaggregateor sortastream.Usersareallowedto de�ne windows

on streamswhich canbe sorted,aggregated,or joined. A singlestreamcanbe joined with a stream-window

or a �x ed datasourceif it is treatedasthe outerrelationof an index join or the proberelationof a hash-join.

Userscanoptionallyspecifya sample-ratefor sensors,which is usedto determinetherateat which tuplesare

deliveredfor thequery.

Building theFjord from sucha queryworksasfollows: for eachbaserelation � , if � is a sensor, we locate

thepersistentlyrunningsensorproxyfor � . Wetheninstallourqueryinto � 'sproxy, askingit to deliver tuplesat

theuser-providedsamplerateandto applyany �lters or aggregateswhich theuserhasspeci�edfor thesensor-

stream.The proxy may chooseto fold those�lters or aggregatesinto existing predicatesit hasbeenasked to

apply, or it mayrequestthatthey bemanagedby separateoperators.For thoserelations��� thatdo not represent

sensors,we createa new scanoperatorover ��� . We theninstantiateeachselectionoperator, connectingit to a

base-relationscanor earlierselectionoperatorasappropriate.If the base-relationis a sensor, we connectthe

selectionvia apush-queue,meaningthatthesensorwill pushresultsinto theselection.For non-sensorrelations,

we usea pull queue,which will causethe selectionto invoke the scanwhenit looks for a tuple on its input

queue.

We thenconnectjoin-operatorsto thesechainsof scansandselects,performingjoins in theorderindicated

by astandardstaticqueryoptimizer, suchastheonepresentedin [32]. If neitherof thejoinedrelationsrepresents

a sensor, wechoosethejoin-methodrecommendedby theoptimizer. If onerelationis a sensor, weuseit asthe

proberelationof a hashjoin, hashinginto thestaticrelationaseachstreamtuple is pushedinto the join. The

outputof a join is apushqueueif onerelationis from asensor, andapull queueotherwise.

Sortsandaggregatesareplacedat thetopof thequeryplan. In thecasewhereoneof therelationsis from a

sensor, but theuserhasspeci�edawindow size,we treatthis asa non-sensorrelationby interposinga �ltration

operatorabove thesensorproxywhichpassesonly thosetuplesin thespeci�edwindow.

3.4 Multiple Queriesin a SingleFjord

One way in which streamingdatadiffers from traditionaldatasourcesis that it is inseparablytied with the

notion of now. Queriesover streamsbegin looking at the tuplesproducedstartingat the instantthe queryis

posed– thehistoryof thestreamis not relevant. For this reason,it is possibleto sharesigni�cant amountsof

computationandmemorybetweenseveralqueriesover thesamesetof datasources:whena tuple is allocated

from a particulardatasource,thattuplecanimmediatelyberoutedto all queriesover thatsource– effectively,

all queriesarereadingfrom thesamelocationin thestreamingdataset.This meansthatstreamingtuplesneed

only beallocatedonce,andthatselectionoperatorsover thesamesourcecanapplymultiple predicatesat once.

Fjordsexplicitly enablethissharingby instantiatingstreamingscanoperatorswith multipleoutputsthatallocate

only a singlecopy of every streamingtuple; new queriesover the samestreamingsourceare folded into an

existing Fjord ratherthanbeingplacedin a separateFjord. A completediscussionof how this allocationand

queryfolding worksis beyondthescopeof thispaper, but relatedideasarepresentedin literatureoncontinuous

queries[6, 23]. We will, however, show how this folding canbe usedto improve queryperformancein the

resultssectionwhich follows.
2Two streamscanbejoinedby “zippering” themtogetherasthey �o w past,but this worksonly whenstreamsaresynchronizedand

eqi-joinedonsampletime,asin Figure4 above.
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4 Traf�c Implementation and Results

We now presenttwo performancestudiesto motivatethearchitecturegivenabove. The�rst study, givenin this

section,coversthe performanceof Fjords. The secondstudy, given in Section5, examinesthe interactionof

sensorpowerconsumptionandthesensor-proxy anddemonstratesseveralapproachesto traf�c sensorprograms

whichcandramaticallyaltersensorlifetime.

In this section,we show how the Fjord andsensor-proxy architecturescanbe appliedto the traf�c-sensor

environment.Webegin by giving examplesof queriesover thosesensors,thenshow alternativesfor translating

oneof thosequeriesinto aFjord,andthen�nally presenttwo Fjordperformanceexperiments.

4.1 Traf�c Queries

We presentheretwo samplequerieswhich we will refer to throughthe rest of the section,as given by the

following SQL excerpts.Thesequeriesarerepresentative of thetypesof queriescommutersmight realistically

askof a traf�c inquiry system.They arenot meantto testthefull functionalityof 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 loopscollectedby an older-generationof

sensorsequippedwith wirelessradiolinks thatrelaydatabackto UC Berkeley. Thesesensorsconsistof sixteen

setsof two sensors(referredto as“upstream”and“downstream”),with onepair on eithersideof the freeway

on eight distinct segmentsof I-80 nearUC Berkeley. The sensorsare386-classdeviceswith Ricochet19.2

kilobit modemlinks to theInternet.They collectdataat 60Hzandrelayit backto aBerkeley server, whereit is

aggregatedinto countsof carsandaveragespeedsor distributedto variousdatabasesources(suchasours)via

JDBCupdates.Becausewe cannotactuallydeploy a mote-basedsensornetwork ontothefreeway, we usethis

streamingdatafor theFjord-experimentspresentedin thissection.
Query1
SELECT AVG(s.speed, � )
FROMsensorReadings AS s
WHEREs.segment �

�

� �

�

���

� �

�

�

� � �

This queryselectsthe averagespeedover segmentsof the road,usingan averagewindow interval of � .

Thesequeriescanbeevaluatedusingjust thestreamingdatacurrentlyarriving into thesystem.They requireno

additionaldatasourcesor accessto historicalinformation.
Query2
SELECT AVG(s.speed, � ), i.description
FROMincidents as i,

sensorReadings as s
WHEREi.time >= now - ���

�

���

�����
�

�

GROUPBY i.description
HAVING � �

� �

�
	�� �

�

������
�� >
(SELECT AVG(s.speed, � )

FROMsensorReadings as s
WHEREi.segment = s.segment
AND s.segment ���

�

� �

�

���

� �

�

�

� � ��� )
This queryjoinssensorreadingsfrom slow roadsegmentstheuseris interestedin to traf�c incidentswhich
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areknown to have recentlyoccurredin theBay Area.Slow roadsegmentsarethosewith anaveragespeedless

than � �

� �

��	�� �

�

��� � 
�� . Thesetof segmentstheuseris interestedin is
�

� �

�

���

� �

�

�

� � � . Recentlymeanssince
���

�

���

�����
�

� secondsbeforethecurrenttime. TheCaliforniaHighway Patrolmaintainsawebsiteof reported

incidentsall overCalifornia,whichwecanuseto build theincidentsrelation.[5]. Evaluatingthisqueryrequires

a join betweenhistoricalandstreamingdata,andis considerablymorecomplicatedto evaluatethanQuery1.

4.2 Traf�c Fjords

In this section,we show two alternative Fjordswhich correspondto Query1 above. Spacelimitationspreclude

usfrom includingsimilar diagramsfor Query2; we will discusstheperformanceof Query2 brie�y in Section

4.3.2.

Figure6 shows oneFjordwhichcorrespondsto Query1. Like thequery, it is quitesimple:tuplesarerouted

�rst from theBHL server to asensorproxyoperator, whichusesaJDBCinputqueueto acceptincomingtuples.

This proxy collectsstreamingdatafor variousstations,averagesthespeedsover sometime interval, andthen

routesthoseaggregatesto themultiplex operator, which forwardstuplesto botha save-to-diskoperatoranda

�lter operatorfor the � clausein query1. Thesave-to-diskoperatoractsasa loggingmechanism:usersmay

laterwish to recallhistoricalinformationover which they previously posedqueries.The �lter operatorselects

tuplesbasedon theuserquery, anddeliversto theuserastreamof currentspeedsfor therelevantroadsegment.

Notice that thedata�o w in this queryis completelypushdriven: asdataarrivesfrom thesensors,it �o ws

throughthe system.Userqueriesareusedto parameterizeFjord operators,but thequeriesthemselvesdo not

causeany datato befetchedor delivered.Also notethatuserqueriesarecontinuous:datais deliveredperiod-

ically until theuserabortsthequery. The fact thatdatais pushedfrom sensorseliminatesproblemsthatsuch

a systemcouldexperienceasa resultof delayedor missingsensordata:sincethesensoris driving the�o w of

tuples,nodatawill beoutputfor of�ine sensors,but datafrom othersensors�o wing throughthesameFjordwill

notbeblockedwhile thequeryprocessorwaitsfor thoseof�ine sources.

Figure6 works well for a singlequery, but what aboutthe casewheremultiple usersposequeriesof the

sametypeasQuery1, but with different�lter predicatesfor thesegmentsof interest?Thenaiveapproachwould

beto generatemultiple Fjords,oneperquery, eachof which aggregatesand�lters thedataindependently. This

is clearlyabadidea,astheallocationandaggregationof tuplesperformedin thequeryis identicalin eachcase.

Theability to dynamicallycombinesuchqueriesis akey aspectof theFjordsarchitecture,andis similar to work

doneasa partof Wisconsin's NiagaraCQproject[6]. A Fjord with sucha combinedsensor-proxy is illustrated

in Figure7.

4.3 Fjords for Performance

Having describedtheFjordsfor our examplequeries,wenow presenttwo experimentsrelatedto Fjords:In the

�rst, wedemonstratetheperformanceadvantageof combiningrelatedqueriesinto asingleFjord. In thesecond,

wedemonstratethattheFjordsarchitectureallows usto scaleto a largenumberof simultaneousqueries.

We implementedthe describedFjordsarchitecture,using join andselectionoperatorswhich hadalready

beenbuilt as a part of the Telegraphdata�ow project. All querieswere run on a single, unloadedPentium

III 933Mhzwith a singleEIDE drive runningLinux 2.2.18usingSun's Java Hotspot1.3 JDK. To drive the

experimentsweusetracesobtainedfrom theBHL traf�c sensors.Thesetracesarestoredin a �le, which is read
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{userSegment}?

User

Output
Stream
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Wireless Sensors
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Air

Data Stream

{ ... sId, time,
measSpeed ... } 

AVG(Speed) over
time interval

Sensor Proxy

Figure6: Fjord Correspondingto Query1

onceinto abuffer at thebeginningof eachexperimentsothattestswith multiplequeriesoverasinglesensorare

not penalizedfor multiple simultaneousdisk IOs on a singlemachine.This datasetconsistsof recordsof the

form �

���

�

�

� 
 

�

�

� � � 
 ������� � 
��

�

�

� �

� �

��� ��� 
 �

�

� , with thefollowing values:

���

�

� : Thestarttimeof thissamplewindow

 
 �

� : Thelanefor thissample
� � 
 ������� : Thestationnumberfor thissample


��

�

�

� �

� �

��� : Theaveragespeedof vehiclesobservedin thissample
� 
 �

� : Thenumberof vehiclesobservedin this sample

For theparticularqueriesdiscussedhere,samplewindow sizeis not important,sowe generatetraceswith

30-secondwindows. The trace�le contained1076730-byterecordscorrespondingto traf�c �o w at a single

sensorduringJune'00.

4.3.1 Combining Fjords to IncreaseThr oughput

For the �rst experiment,we comparetwo approachesto runningmultiple queriesover a singlestreamingdata

source.For bothapproaches,somesetof � userqueries,� , is submitted.Eachqueryconsistsof a predicateto

beevaluatedagainstthedatastreamingfrom asinglesensor. The�rst approach,calledthemulti-Fjord approach

Multiplex

segment Î
{userSegment}?

AVG(Speed) over
time interval

Sensor Proxy

Users

Fjord

Wireless Sensors

BHL Server and
Wireless Basestation

Air

Data Stream

{ ... sId, time,
measSpeed ... } 

segment Î
{userSegment}?segment Î

{userSegment}?

Figure7: Fjord Correspondingto Query1 For Multiple UserQueries
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allocatesa separateFjord (suchastheoneshown in Figure6) for eachquery � � � . In thesecondapproach,

calledthe singleFjord approach,just oneFjord is createdfor all of the queries. This Fjord containsa �lter

operatorfor eachof the � queries(asshown in Figure7.) Thus,in the �rst case,� threadsarecreated,each

runninga Fjord with a single�lter operator, while in thesecondcase,only a singlethreadis running,but the

Fjordhas� �lter operators.Weimplementedaverysimpleround-robinschedulerwhichscheduleseachoperator

in succession,oneaftertheother, which is usedin bothcases.

In orderto isolatethecostof evaluating�lters, we alsopresentresultsfor bothof thesearchitectureswhen

usedwith no �lter operator(e.g. thesensorproxy outputsdirectly to theuser-queue),andwith a null-operator

thatsimply forwardstuplesfrom thesensorproxy to theenduser.

Figure8 shows theperformanceresultsof thetwo experiments,showing total querytime (Figure8(a))and

time perquery(Figure8(b)). All experimentswererun with 150MB of RAM allocatedto theJVM andwith

a 4MB tuplepool allocatedto eachFjord. Notice that thesingle-Fjordversionhandilyoutperformsthemulti-

Fjord versionin all cases,but that the costof the selectionandnull-�lter is the samein both cases(300 and

600millisecondsperquery, respectively). Thisbehavior is dueto severalreasons:First, thereis substantialcost

for laying out additionaltuplesin thebuffer poolsof eachof theFjordsin themulti-Fjord case.In thesingle

Fjordcase,eachtupleis readoncefrom disk,placedin thebuffer pool,andneveragaincopied.Second,thereis

someoverheaddueto context switchingbetweenmultiple Fjord-threads.Figure8(b) re�ects thedirectbene�t

of sharingthesensor-proxy: additionalqueriesin thesingle-fjordversionarelessexpensive thanthe�rst query,

whereasthey continueto beaboutthesameamountof work asa singlequeryin themulti-fjord version. The

spike in the multi-fjords lines at two queriesin 8(b) is dueto queriesbuilding up very long queuesof output

tuples,which aredrainedby a separatethread. Our queuesbecomeslower whentherearemore thana few

thousandelementson them.This doesnotoccurfor moresimultaneousqueriesbecauseeachFjord-threadruns

for lesstime,andthuseachoutputqueueis shorterandperformsbetter. This is thesamereasontheslopeof the

single-fjordlinesin Figure8(b) dropsoff: all queriesshareasingleoutputqueue,whichbecomesvery long for

lotsof queries.

4.3.2 Scalingto a Lar geNumber of Queries

In theprevioussection,we showed theadvantageof combiningsimilar user-queriesinto a singleFjord. Now,

in the secondexperiment,we show that this solutionmakesit possibleto handlea very large numberof user

queries.In thesetests,wecreated� userqueries,eachof whichappliedasimple�lter to thesamesensorstream,

in the style of Query1 in Section4.1. We instantiateda Fjord with a singlesensorproxy, plus oneselection

operatorper query. We allocated150MB of RAM to the queryengineandgave the Fjord a 4MB tuple pool.

Weusedthesamedata�le asin theprevioussection.Figure9(b) shows thenumberof tupleswhich thesystem

processespersecondperqueryversus� , while Figure9(a)shows thetheaggregatenumberof tuplesprocessed

versus� . Thenumberof tuplespersecondperqueryis thelimit of therateat which sensorscandeliver tuples

to all usersandstill stayaheadof processing.Noticethattotal tuplethroughputclimbsup to about20 queries,

andthenremainsfairly constant.This leveling off happensasthe processorload becomesmaximizeddueto

evaluationof theselectclausesandenqueuinganddequeuingof tuples.

We alsoran similar experimentsfrom Query2 (Section4.1). Due to spacelimitations,we do not present

theseresultsin detail. The resultsof this experimentsweresimilar to the Query1 results: the sensor-proxy
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Figure8: Effectof CombiningMultiple QueriesInto A SingleFjord

amortizesthecostof stream-buffering andtupleallocationacrossall thequeries.With Query2, thecostof the

join is suf�ciently high thatthebene�t of thisamortizationis lessdramatic:50 simultaneousquerieshave aper

querycostwhich is only seven-percentlessthanthecostof asinglequery.

5 Controlling Power Consumptionvia Proxies

The experimentsin the previous sectiondemonstratedthe ability of Fjordsto ef�ciently handlemany queries

over streamingdata.We now turn our attentionto anotherkey aspectof sensorqueryprocessing,theimpactof

samplerateon bothsensorlifetime andtheability of Fjordsto processsensordata.In this section,we focuson

sensorsthataresimilar to thewirelesssensorsmotesdescribedin Section2.1.2above. We chooseto usethis

designratherthanthe�x edtraf�c sensorswhich arecurrentlydeployedon thefreeway becausewebelieve this

is a morerealisticmodelof theway sensorsin thenearfuturewill behave, andbecauseSmartDustsensorscan

beremotelyreprogrammed,which is necessaryfor implementingthetechniqueswedescribebelow.

5.1 Motes for Traf�c

In thissection,weassumethatmotesareplacedor canself-organizeinto pairsof sensorslessthanacar's-length

apartandin thesamelane.We call thesesensors��� , theupstreamsensor, and ��� , thedownstreamsensor. We

assumethat throughradio-telemetrywith �x ed basestationsandeachother, of thesort describedin [28], it is

possiblefor thesensorsto determinethattheir separationalongtheaxisof theroadis � feet.Thesesensorsare

equippedwith light or infrareddetectorsthattell themwhenacaris passingoverhead.

Traf�c engineersareinterestedin deducingthespeedandlengthof vehiclestravelingdown thefreeway; this

is donevia four time-readings:��� , the time the vehiclecovers ��� ; ��� , the time the vehiclecompletelycovers
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both � � and � � ; �

� , thetime thevehicleceasesto cover ��� , and �

� , thetime thevehicleno longercoverseither

sensor. Thesestatesareshown in Figure10. Noticethatthecollectionof thesetimescanbedoneindependently

by thesensors,if thequeryprocessorknows how they areplaced: � � collects� � and �

� , while � � collects� � and
�

� . Giventhatthesensorsare � feetapart,thespeedof a vehicleis then ���

�

� ��� � � � � ��� �

��� , since � ��� � � is the

amountof time it takesfor thefront of thevehicleto travel from onesensorto theotherto theother. Thelength

of thevehicleis just � �

� �

�
	

�

�
�

� �

�

� , since�
�

� �

� is thetime it takesfor boththefront andbackof thecarto

passthe � � 3.

Thesevaluesareimportantbecausethey indicatehow accuratethe timing measurementsfrom thesensors

needto be; imaginefor instancethatwe wantedanestimateof the lengthof a car to anaccuracy of onefoot.

To do this, readings� � and �

� mustbemadeto anaccuracy of 6 inches,sothatthemaximumerrorof � ��� �

� is

no greaterthan12 inches.Thus,thecarcannottravel morethan6 inchesbetweensampleperiods.At 60mph,

simplephysicstellsusacarwill travel 6 inchesin .0056seconds,requiringasamplerateof about180Hz.Thisis

a relatively high samplerate,and,aswe will show in thenext section,in anaive implementationwheresensors

transmiteverysamplebackto thehostcomputerfor speedandlengthdetection,is highenoughto severelylimit

thelife of sensorsandconstraintheperformanceof theFjord. Noticethatthis calculationassumesthespeedof

the vehicleis known; if we areestimatingthe lengthof the vehiclefrom our speedestimation,an even faster

samplerateis needed.

Sensorsrelay readingsto basestationsplacedregularly alongthefreeway. Thesebasestationshave wired

Internetconnectionsor high-power wirelessradioswhich can relay information back to centralservers for

processing.Suchbasestationsare elevated, to overcomepropagationproblemsthat result betweensensors

that areon or embeddedin a low-re�ectivity surfacelike the roadway. Sensorstransmitsamplesalongwith

time-stamps,whichcanbegeneratedvia techniquessuchasthoseproposedby researchersatUCLA [10] where

base-stationsperiodicallybroadcastnetwork-time(NTP) valuesto thesensors,which thesensorsuseto adjust

localskew in theirclocks.Timestampsareusedto coordinatereadingsfrom sensorpairs;theNTPbasedscheme
3This analysiswasderivedbasedon computationsfor inductive loop sensorsin [7].
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Figure10: Vehiclemovingacrosssensors ��� and ��� at times� � ,� � ,�

� , and �

�

proposedabove cankeepsensorclockssynchronizedwithin 1� � of eachother. Sincea 60mphcarwill travel

only 2mmin a microsecond,this margin of error is morethanacceptableto producemeasurementsaccurateto

1 foot, ourdesiredaccuracy for thevehiclelengthcomputationsshown above.

5.2 SensorPower-ConsumptionSimulation

The resultsdescribedin this sectionwereproducedvia simulation. Processorcountswereobtainedby im-

plementingthedescribedalgorithmson an Atmel simulator, power consumption�gures weredrawn from the

Atmel 8515datasheet[2], andcommunicationcostsweredrawn from theTinyOSresultsin [18], whichusesthe

RFM TR100916Mhz [29] radiotransceiver. Table1 summarizesthecommunicationandprocessorcostsused

to modelpower consumptionin thissection.

We presentthreesensorscenarios.In the �rst, sensorsrelaydatabackto thehostPCat their samplerate,

performingno aggregation or processing,andtransmittingraw voltages. The codeis extremelysimple: the

sensorreadsfrom its A-to-D input,usestheTinyOScommunicationsprotocolto transmitthesample,thensleeps

until thenext sampleperiodarrives.In thisnaiveapproach,powerconsumptionis dominatedby communication

costs. Figure11(a)illustratesthis; the idle cost,computationcost,andA-to-D costsareall so small asto be

nearlyinvisible. For thebaselinesamplerateof 180Hz,thepower draw comesto 13mWor 2.6mA/h,enough

for our sensorpairs to power themselves for abouta day anda half: clearly this approachdoesnot produce

low-maintenanceroadsensors.Furthermore,this approachplacesa burdenon thedatabasesystem:asFigure

Table1: SensorParameter Values.PowerParameters for Atmel8515ProcessorandRFMTR100Radio.
Parameter Value
RadioXmit Energy Cost ��� ���	��

���	�����

ProcessorVoltage �	�

ProcessorCurrent(Active) �����

ProcessorCurrent(Idle) �	�����

ProcessorSpeed �
�! #"

A-to-D Current � �����

A-to-D LatchTime �	����$

BatteryCapacity �%�&���(') 
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Figure11: Powerconsumptionfor differentsensorimplementations

9(a)shows, at 180samples/perseconda Fjord is limited to about50 simultaneoussimplequeries,if theentire

samplestreamis routedthrougheachquery. In practice,of course,not all of the queriesareinterestedin the

entiredatastream,sothesensor-proxy canaggregatethesamplesinto identi�ed vehiclesor vehiclecounts.

In the secondscenario(shown in Figure9(b)), we usea small amountof processortime to dramatically

reducecommunicationcosts.Insteadof relayingraw voltages,thesensorsobserve whenacarpassesover them,

andtransmitthe �

�
�

� �

�

� or �

�
�

� �

�

� tuplesneededfor thehostcomputerto reconstructthespeedandlengthof the

vehicle.Thesensorsstill sampleinternallyatafastsamplerate,but relayonly afew samplespersecond– in this

case,weassumenomorethan� vevehiclepassin any particularsecond.Thiscorrespondsto avehicleevery18

feetat 60 MPH, which is a verycrowded(anddangerous!)highway. Powerconsumptionversussamplerateon

eachsensoris shown in Figure11(b). In thisexample,for highersamplerates,powerconsumptionis dominated

by the processorandA-to-D converter; communicationis nearlynegligible. At 180Hz,the total power draw

hasfallento 1.1mW, or .22mA/h,still not idealfor a long livedsensor, but enoughto power our traf�c sensors

for a morereasonabletwo anda half weeks.Also, by aggregatinganddecreasingtherateat whichsamplesare

fed into thequeryprocessor, thesensorscontribute to theprocessingof thequeryandrequirefewer tuplesto be

routedthroughFjords. Althoughthis mayseemlike a trivial savings in computationfor a singlesensor, in an

environmentwith hundredsor thousandsof traf�c sensors,it is non-negligible.

In the �nal scenario,we further reducethe power demandsby no longer transmittinga sampleper car.

Instead,we only relaya countof thenumberof vehiclesthatpassedin theprevioussecond,bringingcommu-

nicationscostsdown further for only a small additionalnumberof processorinstructionsper sample.This is

shown in Figure11(c); the power draw at 180Hz is now only .38mW, a threefoldreductionover the second

scenarioandnearlytwo ordersof magnitudebetterthanthenaive approach.Notice that the lengthandspeed

of vehiclescanno longerbereconstructed;only thenumberof vehiclespassingover eachsensorpersecondis

given. We presentthis scenarioasanexampleof a techniquethata properlyprogrammedsensor-proxy could

initiatewhenit determinesthatall currentuserqueriesareinterestedonly in vehiclecounts.

To summarize,for this particularsensorapplication,thereareseveralpossibleapproachesto samplingsen-

sors. For traf�c sensors,we gave threesimplesamplingalternatives which varied in power consumptionby

nearlytwo ordersof magnitude.Thus,the choiceof sensorprogramsre�ect essentialtradeoffs whendealing
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with low-powercomputing,andhaveadramaticeffectonbatterylife. Loweringthesamplerateincreasessensor

lifetime but reducestheaccuracy of thesensor'smodel.Aggregatingmultiplesamplesin memoryincreasespro-

cessorandCPUburdenbut reducescommunicationcost.Therefore,asensor-proxy whichcanactively monitor

sensors,weighinguserneedsandcurrentpower conditions,andappropriatelyprogramandcontrol sensorsis

necessaryfor gettingacceptablesensorbatterylife andperformance.

6 RelatedWork

Having presentedoursolutionfor queriesoverstreamsensordata,wenow discussrelatedprojectsin thesensor

anddatabasedomains.

6.1 RelatedDatabaseProjects

Thework mostcloselyrelatedto oursis theCougarprojectat Cornell [26]. Cougaris alsointendedfor query

processingover sensors.Their research,however, is morefocusedon modelingstreamsaspersistent,virtual

relationsand enablinguserqueriesover sensorsvia abstractdata-types.Their publishedwork to datedoes

not focuson the power or resourcelimitations of sensors,becauseit hasbeengearedtoward larger, powered

sensors.They donotdiscussthepushbasednatureof sensorstreams.Ourwork is complementaryto their in the

sensethat they aremorefocusedon modelingsensor-streams,whereaswe areinterestedin thepracticalissues

involvedin ef�ciently runningqueriesover streams.

Therehasbeenrecentwork on databasesto track moving objects,suchas[41]. In suchsystems,object

positionupdatesaresimilar to sensortuplesin thatthey arriveunpredictablyandtheirarrival rateis directly tied

to numberof querieswhichthedatabasesystemcanhandle.Thus,suchmobiledatabasescouldbeanapplication

for thetechniqueswe presentin thispaper.

6.2 Distrib uted SensorNetworks

In theremotesensingcommunity, therearea numberof systemsandarchitectureprojectsfocusedon building

sensornetworkswheredata-processingis performedin adistributedfashionby thesensorsthemselves.In these

scenarios,sensorsareprogrammedto beapplication-aware,andoperateby forwardingtheir readingsto nearby

sensorsandcollectingincomingreadingsto producealocally consistentview of whatis happeningaroundthem.

As informationpropagatesaroundthenetwork, eachsensoris betterableto form a modelof what is goingon.

An exampleof sucha project is the DirectedDiffusion model from the USC InformationSciencesInstitute;

Usersposequeriesto a particularsensoraboutpeopleor vehiclesmoving in someregion,andsensorsnearthat

region propagatetheir local readingsto thequeriedwhich it aggregatesto answerthequery[19]. It is exciting

to think thatsucha decentralizedmodelof queryprocessingis possible;however, we believe that,at leastfor

thecurrentgenerationof sensors,power, storage,andprocessorlimitationsdictatethat �x ed,poweredservers

areneededto performlargescalesensordata-processingon thesensorsthemselves.
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6.3 Data Mining on Sensors

Currentscienti�c sensorresearchis similar to any datamining andwarehousingapplication:data�o ws into

local serversfrom eachsensor, which createon-disksensorlogs. At somelaterpoint, this datais shippedto a

centralrepository, which scientiststhenconnectto andexecutelarge aggregateandsubsetqueriesto facilitate

their dataexploration. The DataCutter[4] systemexempli�es currentresearchin this area:it focuseson pro-

viding an ef�cient platform in which scientistscancollectdatafrom multiple repositoriesandthenef�ciently

aggregateandsubsetthat dataacrossmultiple dimensions.This model is very different from the interactive

sensorprocessingenvironmentwe envision.

6.4 Languagesand Operators for Streams

Therehasbeensigni�cant work in thedatabasecommunityfocusedonthelanguageandoperatordesignissuesin

queryingstreams.Early work soughtto designoperatorsfor streamsin thecontext of functionalprogramming

languageslike Lisp andML [25], or for specializedregimeslike network-routerlog analysis[35]. Seshadri,

et. al. [33] bring this work fully into the domainof relationaldatabasesby describingextensionsto SQL for

stream-queryprocessingvia windowedandincrementaloperators.

The CONTROL project [16] discussesthe possibility of userinterfacesfor the incrementallysortingand

aggregatingvery large datasetswhich is alsoapplicableto streams.Shanmugasundaramet. al, [34] discuss

techniquesfor percolatingpartialaggregatesto enduserswhichalsoapply.

Morerecentresearchonstreamscontinuesto extendrelationaldatabaseswith complex operatorsfor combin-

ing andmining datastreams.For instance,[12] showedsinglepassalgorithmsto computecomplex, correlated

aggregatesoversetsof streams.

6.5 ContinuousQueries

Existingwork on continuousqueriesprovidessomeinterestingtechniquesfor simultaneouslyprocessingmany

queriesover a varietyof datasources.Thesesystemsprovide an importantstartingpoint for our work but are

not directly applicableasthey arefocusedon continuousqueriesover traditionaldatabasesourcesor websites

andthusdon't dealwith issuesspeci�c to streamingsensordata.

In theOpenCQsystem[23], continuousqueriesarevery similar to SQL triggers,exceptthatthey aremore

generalwith respectto thetablesandcolumnsthey canbede�ned over andaregearedtowardre-evaluationof

expressionsasdatasourceschangeratherthandependency maintenance.In OpenCQ,continuousqueriesare

four-elementtuplesconsistingof aSQL-stylequery, a trigger-condition,astart-condition,andanend-condition.

Someeffort is takento combinerelatedpredicatesto eliminateredundantevaluations,but theNiagaraCQsystem,

discussednext, presentsa morerobustsolutionto this problem.

TheNiagaraCQproject[6] is alsofocusedon providing continuousqueriesover changingwebsites.Users

install queries,whichconsistof anXML-QL [8] queryaswell asadurationandre-evaluationinterval. Queries

areevaluatedperiodicallybasedonwhetherthesitesthey queryhavechangedsincethequerywaslastrun. The

systemis gearedtowardrunningvery largenumbersof queriesover diversedatasources.Thesystemis ableto

performwell by groupingsimilar queries,extractingthecommonportionof thosequeries,andthenevaluating

the commonportiononly once. We expectthat this techniquewill apply to streamingsensorqueriesaswell:
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therewill bemany queriesoveraparticularstreamwhichsharecommonsubexpressions.

7 Futur e Work and Conclusions

As wirelesscommunicationstechnologyand embeddedprocessingtechnologiesconverge to allow the large

scaledeploymentof tiny, low-power, radio-drivensensors,ef�cient, powersensitive techniquesfor queryingthe

datathey collectwill becrucial. Otherresearchhasaddressedlanguagesandoperatorsfor streamprocessing,

but ignoredissuesof data-�ow integrationandsensorpower-management.

Oursensor-streamprocessingsolutionaddressesthelow-level infrastructureissuesin asensor-streamquery

processorvia two techniques:First, theFjordsarchitecturecombinesproxies,non-blockingoperatorsandcon-

ventionalqueryplans. This combinationallows streamingdatato be pushedthroughoperatorsthat pull from

traditionaldatasources,ef�ciently mergingstreamsandlocaldataassamples�o w past.Second,sensor-proxies

serve asmediatorsbetweensensorsandqueryplans,usingsensorsto facilitatequeryprocessingwhile being

sensitive to theirpower, processor, andcommunicationslimitations.

Thereareanumberof interestingareasfor futurework. In particular, it wouldbeusefulto integratetoolsfor

combiningcommonsub-partsof userqueries.Webelieve thatmany userswill formulatesimilarsensorqueries,

andtoolsfor rapidlyevaluatingsimilarclassesof queriesareneeded.TheXFilter[1] andNiagaraCQ[6] projects

bothoffer techniquesfor extractingandevaluatingcommonpartsof userqueries.

Secondly, Fjordsarecurrentlynon-adaptive; that is, they do not modify the orderof joins in the faceof

sensordelaysor intermittentfailures. We plan to explore theuseof adaptive queryoperatorssuchasEddy[3]

andXJoin[36] in Fjords.Webelievethattheseoperatorscanserveanimportantrolein integratingnon-streaming

andstreamingdataby buffering streamingsourcesandmaskinglatenciesin traditionalsources.

The solutionswe have presentedarean importantpart of the TelegraphQueryProcessingSystem,which

seeksto extendtraditionalqueryprocessingcapabilitiesto avarietyof non-traditionaldatasources.Oursensor-

streamprocessingtechniquesallow Telegraphto querysensorsseamlesslyandef�ciently.
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