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1 Research Summary

Over the pastfew years,a greatdealof attentionin the networking andmobile-computingcommunitieshas
beendirectedtowardbuilding networks of ad-hoccollectionsof sensorsscatteredthroughouttheworld. MIT,
UCLA, andUC Berkeley [23, 32, 12, 38] have all embarked on projectsto producesmall, wireless,battery-
poweredsensorsandlow-level networking protocols.Theseprojectshave broughtuscloseto thethevision of
ubiquitouscomputing[49], in which computersandsensorsassistin every aspectof our lives. To fully realize
this vision, however, it will be necessaryto combineand query the readingsproducedby thesecollections
of sensors,sincemanuallyretrieving andcombiningdatafrom thousandsof nodesis tediousand infeasible.
An obvious approachfor doing this would be to apply traditional data-processingtechniquesand operators
from the databasecommunity. Unfortunately, standardDBMS assumptionsaboutthe reliability, availability,
interface,and requirementsof datasourcesdo not apply to sensors,so a signi�cantly different architecture
is needed.Understanding,designingand implementingthis architecture,calledTeleTiny, is the focusof my
research.TeleTiny consistsof two primarycomponents:

1. ServerSide:Modi�cations to traditionalqueryprocessorarchitecturesto enablethemto accessandef�-
cientlyquerystreamingsensordata,withoutwastinglimited energy reservesof thesensors.

2. SensorSide:Modi�cations to thesoftwarewhichrunson thesensorsthemselvesto enabledatabase-style
queriesinvolving joins, aggregates,andotheroperatorsto bepartially executedwithin sensornetworks,
in aneffort to reducecommunicationcostsandpower consumption.

This documentsummarizesmy progressto date in building TeleTiny, with a particular focus on thesetwo
componentsandthe interfacesbetweenthem,anddiscusseshow my Ph.D.will yield a completearchitecture
for energy-ef�cient queryprocessingover streamingsensordata. The remainderof this sectionsummarizes
the challengesof sensor-query processing,sketchesthe TeleTiny architecture,andshows how it meetsthose
challenges.

1.1 Challenges

Therearefour primary differencesbetweensensorbaseddatasourcesandtraditionaldatabasesourceswhich
make standardqueryprocessorspoorly suitedfor queryingsensordata.First, sensorstypically deliver datain
streams: they producedatacontinuously, often at well de�ned time intervals, without having beenexplicitly
asked for that data. Queriesover thosestreamsneedto be processedin nearreal-time,asdataarrives,partly
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becauseit may be extremelyexpensive to save raw sensorstreamsto disk, andpartly becausesensorstreams
representreal-world events,like traf�c accidentsandattemptednetwork break-ins,whichneedto beresponded
to. Thesecondmajorchallengewith processingsensordatais thatsensorsarefundamentallydifferentfrom the
well engineereddata-sourcestypical in a businessDBMS. They do not deliver dataat reliablerates,the data
is oftengarbled,andthey have limited processorandbatteryresourcesthat thequeryengineneedsto conserve
whenever possible.Third, sensorsaregeneralpurposecomputingdevices,not just blind producersof dataand
canthusbeusedto partiallycomputequeriesasdata�o wsthroughthem.Finally, sensorsaretypicallyconnected
togetherin ad-hocnetworksthatcoverageographicarealargerthantheradiorangeof asinglesensor, suchthat
receiving datafrom arbitrarypartsof the network requiresthe sensorsto agreeon a multi-hop transmission
protocolandcoordinateto routeandprocesseachother's data.

1.2 Sensor-Moti vated Query ProcessorAr chitecture

My initial researchfocusedon thearchitecturalissuesthatarisein sensorqueryprocessingwith respectto the
centralqueryprocessor. This researchhasidenti�ed a numberof areaswherea queryprocessingenginecanbe
modi�ed to make it bettersuitedto queriesoversensordata:

� FjordsandSensorProxies: Thesetwo conceptsform thecoreof theDBMS sidesensorqueryprocessing
systemthatis apartof theTelegraph[19] data�ow systemunderdevelopmentatUC Berkeley. A Fjord is
amodi�ed queryplan-like datastructurewhichfacilitatesthecombinationof streamingdatafrom sensors
with traditional,disk-baseddatasources.Fjordsallow queryprocessorsto betolerantto intermittentand
lossydatastreams,sincethey computeonly whensensortuplesarepushedinto them,avoiding blocking
thatwouldarisein thetraditionaliterator basedprocessing[16].

A sensorproxy is a databaseoperatorthatmultiplexesmultiple userqueriesover a collectionof sensors.
It cachessensorreadings,choosesappropriatesampleratesfor sensorsbasedon sampleratesfrom all
userqueries,andattemptsto shieldsensorsfrom having to servemany copiesof thesamedatato different
queries.

A paperdescribingthiswork appearedin ICDE 2002[28].

� ContinuouslyAdaptiveContinuousQueries: Becausesensorsnetworks will be usedto monitor large,
highly accessiblespaces,therewill be many simultaneous,similar queriesover thosenetworks. Tra-
ditional continuousqueryresearch,suchasthe NiagaraCQsystemfrom Wisconsin[6] allows multiple
relatedqueriesto shareprocessingby identifying commonportionsof queryplansandexecutingthose
commonportionsonly once.My researchon continuouslyadaptive continuousqueries(CACQ) extends
traditionalCQ researchin two directions: by enablingstreamprocessingfacilities for sensordataand
addingadaptivity to changesin thequeryworkloadover time.

A paperon continuouslyadaptive continuousquerieswill appearin SIGMOD2002[30].

� Visualizationsfor SensorData: A third areaof researchhasto do with visualizationsof sensordata,and
theuseof userinterfaceto coordinatesensorreadingswith disk andInternetbaseddatasources.

1.3 DatabaseMoti vatedSensorSoftware Ar chitecture

Overthepastyear, I havealsobeenworkingwith theTinyOS[20] groupatUC Berkeley ondevelopingsoftware
for their “mote” sensorplatform to supportqueryprocessing.My researchin this regardhasfocusedon the
following areas:
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Figure1: TheTinyDBSensorQueryProcessor

� Catalog Managementfor SensorNetworks: Sensorsneeda genericway to advertisethemselvesto other
sensorsandsensordatabasesystemsif they areto beusedin aheterogeneous,randomlydeployedfashion.
I have designeda simplecataloglayer which our queryprocessorcanuseto locateandqueryTinyOS
motes.

� Aggregation in the Network: The most importantclassof queriesover sensornetworks areaggregates
– queriesaboutthevaluesof groupsof sensors.Ef�ciently evaluatingthesequerieswithout sendingall
data-tuplesbackto a centralprocessingsystemis a majorgoalof theTinyOSproject. My work on Tiny
Aggregates(TAG), submittedto VLDB 2002andpublishedin apreliminaryform in WMCSA 2002[31],
discussesthedesignof asystemfor processingsuchqueries.

Thus,theon-sensorportionsof thequeryprocessorenablelocationandpoweref�cient queryingof motes;when
combinedwith theserver-sidequeryprocessordescribedabove,mostof thepiecesof thesensor-queryprocessor
arein place.Figure1 shows anoverview of thesecomponentsandhow they �t together– we will discussthe
additionalcomponentsthatareneededin Section5 below.

The remainderof this proposalis divided as follows: the next sectionoffers somedetailsaboutFjords,
sensor-proxies,andtheCACQ system.Section3 thenpresentsdetailsof thecatalogandon-sensoraggregation
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systemsdiscussedabove. This is followed by a discussionof relatedwork in Section4. Finally, a discussion
of additionalresearchthat will be incorporatedinto my Ph.D,with a particularfocuson the work requiredto
combinethecomponentsdescribedabove into asystemfor sensorqueryprocessingis givenin Section5.

2 Query ProcessingAr chitecture

This section,summarizesFjords,SensorProxies,the CACQ system,and the visualizationprototypeswhich
serve asthecoreof theserver sidesensor-dataqueryprocessor.

2.1 Fjords

Previousdatabasearchitecturesarenot suitedto combiningstreamingandstaticdata.They areeitherprimarily
pull-based,aswith thebasiciteratormodel,or primarily pushbased,asin parallelprocessingenvironments.In
theTelegraphproject,we have developeda hybrid approachcalledFjords,wherebystreamscanbecombined
with staticsourcesin a way which variesfrom query-to-query. We believe that this is anessentialpartof any
dataprocessingsystemthatis intendedto computeoverstreams.

The key advantageof Fjords is that they allow distributed queryplansto usea mixture of pushandpull
connectionsbetweenoperators.Pushor pull is implementedby thequeuethatconnectsa pair of operators:a
pushqueuerelieson its input operatorto ����� datainto it which theoutputoperatorcanlater ����� . A pull queue
actively requeststhattheinputoperatorproducedatain responseto a �	�
� call on thepartof theoutputoperator.
Conversely, in a pushqueue,the input operator's �	�
� requestis non-blocking,doesnot schedulethe output
operator, andonly yieldsdatawhentheoutputoperatorhasmadedataavailable.

TheinsightunderlyingFjordsis that in interactive, adaptive, andstreamingsystems,thetraditionaliterator
modelbreaksdown becausethe queryprocessorcannotafford to block waiting for long runningoperatorsto
complete,for slow webpagesto returnresults,or for individual sensors,which mayhave run out of power or
temporarilydisconnected,to comebackonline. Oneway to dealwith this is thesolutionproposedin Volcano
[16], in whichaspecial“exchange”operatorbetweentwo queryprocessingoperators,oneof whichis producing
somedataandoneof which is consumingthatdata.In thismodel,theproducercanrun in its own thread(or on
anothermachine);it deliversresultsto theexchangeoperator, which queuesthemandsynchronouslydelivers
themto theconsumerwhenit needed.Theconsumer, however, is still forcedto blockwhennodatais available,
limiting theability of thequeryprocessingsystemto adapt.Instead,Fjordsallow thequeryplannerto decide
if two operatorsshouldbe connectedby a pull-queue,in which casetheconsumerwill block waiting for data
from theproducer, or a push-queue,in whichcasetheproducerswill asynchronouslyproduceandandenqueue
results,and control will be returnedto the consumerwhen the queueis empty so it can pursuesomeother
computationalavenue.

Pushqueuesmake it possiblefor thequeryprocessorto handlesensorstreams.Whena sensortuplearrives
from a sensor, thequeryprocessorpushesit ontotheinput queuesof thequerieswhich useit asa source.The
operatorsdrainingthosequeuesnever actively askthesensorfor data;they merelyoperateon sensordataasit
is pushedinto them,thustriggeringcomputationwhendatais availableandunblockingthequeryprocessorso
it canmake usefulprogressdespiteslow datadelivery from aparticularsensor.

Figure2 illustratesseveral possibilitiesfor connectingoperatorsin a pushor pull fashion.Threetypesof
connectionsbetweenaproducerandaconsumeroperatorareshown; in theiteratorapproach,operatorsfunction
in lock-step:whentheconsumerblockslooking for data,theproduceris scheduledandrunsuntil it produces
data.Exchangedecouplestheproducerandtheconsumer, but theconsumerstill blocksuntil datais produced–
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this approachlimits the ability of the systemto adaptto slow, of�ine, or disconnectedproducers.The pull-
queueapproachrecti�es this situationby returningcontrolbackto theconsumerwhenno datais availablesoit
canperformothercomputation.Notethat,by encapsulatingtheblockingbehavior of thesystemin thequeues
betweenoperators,any of thesethreemodesof computationis easilyimplementedvia Fjords.

TheFjordsarchitecturehasbeenusedto executequeriesover datastreamedfrom traf�c sensorsalongthe
freewaynearUC Berkeley. Fjordsallow datafrom thesensorsto bepushedinto thequeryprocessor, whereit is
combinedwith �x eddataabouttraf�c accidentsto answerqueriesaboutcurrentfreeway conditions.

2.2 SensorProxies

The secondmajor componentof our sensor-querysolutionis thesensor-proxy, which actsasan interfacebe-
tweena singlesensorandtheFjordsqueryingthatsensor. The sensorproxy runsin thequeryprocessoron a
host-machine,andservesanumberof purposes.Themostimportantof theseis to shieldthesensorfrom having
to individually deliver datato hundredsof interestedend-users.It acceptsqueriesandservicesthemon behalf
on thesensor, usingthesensor's processorto simplify this taskwhenpossible.

Anotherrole of thesensorproxy is to adjustthesamplerateof thesensors,basedon userdemand.If users
areonly interestedin a few samplespersecond,thereis no reasonfor sensorsto sampleat hundredsof hertz,
sincelower sampleratesaredirectly proportionalto longerbatterylife. Similarly, if thereareno userqueries
over a sensor, the sensorproxy canaskthe sensorto power off for a long period,comingon-line every few
secondsto seeif querieshave beenissued.

A third role of theproxy is to direct thesensorto aggregatesamplesin prede�nedways,or to downloada
completelynew programinto the sensorif needed.For instance,if the proxy observes that all of the current
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userqueriesareinterestedonly in sampleswith valuesabove or below somethreshold,theproxy caninstruct
thesensorto not transmitsamplesoutsidethatthreshold,therebysaving communication.

Via simulations(with a microprocessorsimulator),I have beenable to show that isolating sensorsfrom
queriesand intelligently aggregatingon thosesensorscan their reducepower consumption(andthusbattery
life) by morethananorderof magnitude.Theseexperimentsarea primarymotivation for my recentwork on
in-network aggregation,discussedin section3 below.

2.3 Continuously Adaptive ContinuousQueries(CACQ)

FjordsandSensorProxiesareaimedatproviding themechanismfor bringingsensordatainto adatabaseandfor
isolatingsensorsfrom individual queriesover thenetwork, but do notaddresstheissueof ef�ciently evaluating
queriesover that dataonceit hasbeenmadeavailable. It is expectedthat somesensornetworks will needto
supporthundredsor thousandsof simultaneousqueriesover them,particularlyonesthatmonitor large shared
spaces.Imagine,for instance,asensornetwork scatteredover freewaysin theBay Areawhichcouldbeusedto
provide instantaneousreportsof traf�c conditionsfor commuters:thousandsof commuterswould usethis type
of systemevery day. Our CACQ work is focusedon adaptingexisting researchon continuousqueriesto the
sensor-network environment.

Continuousqueries(CQs)allow usersto posequeriesover informationsourcesthatareupdatedover time.
Ratherthanforcing usersto re-evaluateanentirequerywhena new valuearrivesor changes,continuousquery
systemsmaintaina set of userqueries. When a new tuple arrives, apply the relevant queriesto that tuple
andship the results,if any, to the userswho posedthe queries.The NiagaraCQ[6] continuousquerysystem
providesef�cient performanceby folding togethersimilar queryplansinto a single,sharedqueryplanwhich is
signi�cantly lessexpensive to computethananumberof separatequeries.

CACQextendsexistingsharedcontinuousquerysystemslikeNiagaraCQby introducingtwo importantnew
ideas: �rst, they areadaptive, which meansthat asusersposenew queries,queriesstoprunning,or sensors
changethe delivery ratesof tuplesto existing queries,the order in which query operatorsare appliedalso
changes.Thisadaptivity is in contrastto existingCQsystems,whichuseastaticqueryoptimizerto �x theorder
of operatorexecutionat thetime queriesareintroduced.Adaptivity in CACQ is obtainedvia a modi�ed Eddy
[4] operatorwhichmakesroutingdecisionsonapertuplebasis,alteringthe�o w of tuplesthoughtheplanasthe
numberof queriessharingaparticularoperatorchangesor theselectivity of join andselectionoperatorsshifts.

Thesecondmajorinnovationintroducedby theCACQsystemis thatit appliesto streamingdata.Streaming
datacomplicatesCQ systemsby requiringall operatorsto be non-blockingandto operatefor �nite time over
in�nite inputs– sorting,for example,cannoteasilybeexpressedasanoperationoverstreams.Thus,theCACQ
systemhasbeenequippedwith asuiteof stream-appropriateoperators,suchasthosediscussedin [41].

A paperon theCACQ systemwill appearin this year's SIGMOD conference[30]; experimentresultspre-
sentedin thatpaperindicatethattheCACQsystemis ablematchor exceedtheperformanceof existingcontinu-
ousquerysystemsunderavarietyof workloads.Severalexperimentswererun to measuretheability of CACQ
to adaptto changesin queryworkload. Oneof themis summarizedbelow: Table1 shows � ve simplequeries
andtheir time of arrival in the system.All queriesareover a datastreamS, eachtupleof which containssix
�elds: an index, and� ve randomlygenerated�elds a,b,c,d,eandf, eachof which is randomlyanduniformly
distributedover therange[0..100].

Figure3 shows the percentageof tuplesroutedto each�lter over time for the threeworkloads. The per-
centageof tuplesreceived is a measureof theroutingpolicy's perceivedvalueof anoperator. Highly selective
operatorsareof highervaluebecausethey reducethe numberof tuplesin the system,asareoperatorswhich
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Table1: Queriesin Adaptivity Experiment, with Query Arri val Times.
Workload Arrival Time(Seconds)
1. select index from S where a > 10 0
2. select index from S where b > 30 5
3. select index from S where c > 50 10
4. select index from S where d > 70 15
5. select index from S where e > 90 20

0

0.2

0.4

0.6

0.8

1

0 5 10 15 20 25 30 35

%
 o

f T
up

le
s

Time (s)

% of Tuples Per Filter vs Time

Query 1: S.a > 30
Query 2: S.b > 50
Query 3: S.c > 10
Query 4: S.d > 40
Query 5: S.e > 90

Figure3: Percentage of TuplesRoutedto Filters OverTime. Noticethatthemostselective queriesrapidlyadapt
to receive themosttuples.

applypredicatesfor many queries,becausethey performmorenetwork. Noticehow quickly thesystemadapts
to newly introduced�lters: in mostcases,four secondsaftera �lter is addedthepercentageof tuplesit receives
hasreachedsteady-state.

In this particularworkload, the most selective query, Query 5, receives the most tuples in steady-state,
as expected. In the paper, we show this adaptivity working in two other, more complex query workloads.
Suchadaptivity is very important in the context of long-runningsensor-network monitoring queries,where
selectivities andqueryworkloadsmay changeover the lifetime of queriesthat arerunningfor hoursor days,
causinggoodinitial queriesoptimizationdecisionsto beverysub-optimalby theendof thequery.

In the paper, the performanceof CACQ is comparedto NiagaraCQ,the previous state-of-the-artcontinu-
ousqueryprocessor:CACQ is ableto matchor beatthe performanceof the static,non-adaptive, cost-based
NiagaraCQqueryoptimizerandprocessorover severaldifferentqueryworkloads.

2.4 Visualizing SensorData

Given the Fjord and CACQ environmentsfor accessingand ef�ciently processingsensordata,applications
demonstratingtheir usefulnessareneeded.As an exampleof suchan application,I built a visualizationof
traf�c in theBayarea.Thisvisualizationshowsdatafrom eighttraf�c sensorsdeployedonthefreewaynearUC
Berkeley andvisually correlatesthat datawith reportsof traf�c accidentsfrom theCaliforniaHighway Patrol
(CHP),web-camsavailablefrom newssites,androadlocationsandmapsavailablefrom theUSCensusBureau.

As anotherexampleof a visualizationenvironment,Figure4 shows a screenshotof the userinterfacefor
queryingthissmallsubsetof traf�c data.Theleftmostpanelcontainsamapof theBayArea,with theEastBay,
nearBerkeley, on the right sideof the bay. Squaresup anddown the freeway nearBerkeley – which arenot
visible in agrayscalereproductionsothey arelabeledwith arrows – representthecurrentstateof traf�c sensors
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Road Sensors

Figure4: Traf�c SensorVisualization

for whichwehavedata.Police-cariconsrepresenttraf�c incidentstheCHPhasreported.Ontheright handside
aregraphsof speedand�o w whichdisplayhistoricaltrendsin traf�c conditions.Theslideralongthetopshows
thecurrenttimerangewhich is beingqueried.A write-upon thetraf�c visualizationsystemis availableon-line
[26].

Figure5 showsasimulationof asensornetwork built to modelthebehavior of anetwork of sensorsarranged
in a multi-hop topologyfor computingaggregatequeries(seeSection3) below. This visualizationfacilitates
rapid prototypingand debugging of networking algorithmsby showing connectivity, data�o w, and various
network parameters,eitherasa color-coded“intensity” overlaidon the topology, or asa scatterplot (or both).
Figure5 colorcodessensorswith their distancefrom theroot (middle)of thenetwork, with lighternodesbeing
closer. Arrowsunderneaththecursor, whichis currentlyat thecenterof thegraph,show children,neighbors,and
parents(all nodesadjacentto theroot arechildren.)Thetextual statusat thebottomgivesnumericinformation
aboutthesensorunderthecursor. Theline plot shows thehistoricalaverageaggregatesascomputedat several
nodesin thenetwork.

3 Query Processingin SensorNetworks

Having an ef�cient architecturefor obtainingandqueryingsensordatais just onecomponentof the TeleTiny
query-processor. In orderto conserve preciousnetwork bandwidthandbatterylife on sensors,andreducethe
loadon thecentralqueryprocessor, somemechanismto evaluateall or partof a queryin thenetwork itself is
needed.

Work on in-network queryprocessingis beingprimarily conductedin the context of TinyOS[20], a UC
Berkeley effort to develop an operatingsystemfor useon wirelesssensors.The sensorswhich the TinyOS
projectis focusedonarereferredto as“motes”. Figure6 showsanexampleof suchasensor. Currentgeneration
Mica moteshave 4kB of RAM, a50kbit radio,a4mHzprocessor, andamodularconnectorfor attachingsensor
devices.Sensorboardswhichmeasurelight, temperature,vibration,sound,andaccelerationareavailable.
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Figure5: Visualizationof SensorNetworkAggregation Algorithm, with AggregateValue Plot (inset)Arrows
underneaththecursor(which is over therootof thenetwork) indicatechild nodes.As themousemoves,arrows
to show neighborsandparentsarealsodrawn. The graphshows the aggregatevalueat varioussensors- the
stable(red)line with valuearound500is theroot of thenetwork.

3.1 SensorCatalogManagement

Beforeany datacanbeextractedfrom a sensornetwork, it is necessaryto have somefacility to understandthe
capabilitiesof eachsensor. Thesensorcatalogis a lightweight layerdesignedto run on every TinyOSmoteto
allow it to answerqueriesaboutthepropertiesof themote's on boardsensors.A simpletext-basedschema�le
which indicatesthe name,units,andrangeof eachsensor, alongwith the setof functionsto call to extract a
sensorvalue,is compiledinto a few bytesof datawhich is storedin theEEPROM of themote.Whena catalog
query is received by the mote, the schemainformationis usedto describethe capabilitiesof the mote. This
capabilitydescriptioncanin turn beusedby thequery-processorto askthemotefor thereadingon a speci�c
sensor. As a partof this system,I have alsobuilt a simpleinterfaceto automaticallydetectandregistersensors

Figure6: A TinyOSSensorMote
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Figure7: Inferring a RoutingTreein a SensorNetwork

with theTelegraphqueryprocessor.

3.2 In Network Aggregation

Given the sensor-catalogasa way to identify motes,it is possibleto explore techniquesfor doing in-network
queryprocessing.The�rst attemptatsuchatechniqueis asystemfor computingaggregates.Aggregationis the
processin which standardstatisticsarecomputedover groupsof dataitems. In a sensornetwork, this involves
two tasks:identifying groups,andcomputingstatisticsover membersof thosegroups.Thegoalof in-network
aggregationis to reducethecostof computingaggregatesfrom thenaive solutionwhereeachsensorreportsits
valuesto acentralqueryprocessorthatdeterminesgroupmembershipandcomputesstatisticslocally.

As a partof my work with theTinyOSgroup,I have developeda techniquecalledTAG (Tiny AGregation)
for computingaggregatesin amoreef�cient way thansimplysendingall sensorreadingsto acentralizedwork-
stationfor processing.Theapproachworksby takingadvantageof theroutingtopologyusedby sensornetworks
to propagatemessagesfrom onesensorto another, so it is necessaryto understandthebasicroutingalgorithm
usedin largesensornetworks. 1

Routingworksasfollows: network topologiesarerepresentedasconnectivity graphs,uponwhicha routing
treeis overlaid.To routeamessageto somenode� , themessageis introducedatsomerootnode,whichbroad-
caststhemessageto its children,which in turn broadcastthatmessageto their children,andsoon, eventually
reachingnode � . During this routingprocess,eachnodechoosesa singleparent,thusforming a routing tree
which canbe usedto propagatemessagesfrom any nodebackto the root. When � wantsto reply, it sendsa
messageto its parent,whichsendsamessageto its parent,andsoon,until themessagereachestheroot. Figure
7 shows a simpleexampleof how a treeis built on the�y from anundiscoveredroutingtopologyasa message
propagatesfrom theroot to theleavesof thenetwork.

Now, to computeanaggregate,theaggregateis introducedat theroot of thenetwork andpropagateddown
thegraphof sensorsto form aroutingtree.Onceanaggregatemessagehaspropagateddown thetree,theleaves
propagateup a partial-aggregate, the valueof the aggregatefunction is computedover just the local sensor
reading. The parentsthencomputea new partial aggregatewhich combinestheir children's valueswith their
own local readingsandpropagatethatvalueup. Thiscontinuesto therootof thenetwork, wherethe�nal value

1NotethattheTAG algorithmis independentof aspeci�c routingprotocol;theprotocolpresentedhereis anexampleof acommonly
used,simpleapproach.
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of theaggregateis computed.
A paperon this work hasbeensubmittedto VLDB 2002[29]. This paperclassi�esaggregatefunctionsac-

cordingto theirstaterequirementsandsemanticproperties.Thisclassi�cationpartitionsaggregatesaccordingto
theirmemoryrequirementsandfunctionalproperties(e.g.monotonicity)andusesthatpartitioningto generalize
abouttheir behavior in the faceof network errorsandtheapplicabilityof variousoptimizations.A numberof
experimentson thestorageandcommunicationof eachtypeor aggregatearealsopresented.Additionally, the
paperpresentstechniquesfor handlinggrouping(andthe limited storageavailableon sensornodes),andfor
mitigatingtheeffectsof lossdueto low-quality radiolinks in thecurrentgenerationof TinyOShardware.

Figure8 (from [29]) showsanexampleof thebene�t of theTAG approach,in termsof theaggregatenumber
of bytesthatmustbesentby all sensorsin thenetwork, for a varietyof differentaggregationfunctions.In the
simulationusedto generatethis graph,sensorswereplacedon a fully-packed grid of the speci�ed diameter;
sensorvalueswererandomlyselectedfrom the uniform distribution over the range[0,1000]. MEDIAN, MAX,
andCOUNT, andAVERAGEarestandardstatisticalfunctions;HISTOGRAMpartitionsvaluesinto a�x ednumber
of bins;DISTINCT countsthetotal numberof distinctsensorvaluesreported.MEDIANrequiresall valuesto
besentto therootof thenetwork, andthusits performancematchesthecentralizedalgorithm.Otheraggregates,
however, show a substantialreductionin thenumberof messages:betterthanan orderof magnitudeover the
centralizedapproachin thecaseof simpleaggregateslike MAXandCOUNT.

This completesthesummaryof thecompletedelementsof theTeleTiny system.Thenext sectionsumma-
rizesrelatedwork.

4 RelatedWork

TheTeleTiny systemis relatedto two majorbranchesof research:databaseresearchon continuousqueriesand
queryingdatastreamsandnetworking projectsthatdiscussrouting,data-shipping,andaggregationin sensor-
networks.

Themostimmediatelyrelevantwork is theCougar[36] projectfrom Cornellfor queryingsensor-networks.
Cougar'sprimaryfocusis ontheuseof Object-Relationalabstractionsfor queryingsensor-basedsystemsrather
thanon architecturalaspectsof sensorqueryprocessing.Accordingto [14], thecurrentimplementationof the
Cougarsystemis designedto runonWINS nodesdesignedby SensoriaCorporation[8], whicharelarge,Linux
baseddevicesthatarenot subjectto thesamepower or communicationslimitationsasthesensordevicesbeing
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developedfor theTinyOSproject. Indeed,thedecisionby theCougargroupto useXML to encodemessages
betweensensorsrevealsthe lack of bandwidthconcernsin their environment,suggestingthat thetradeoffs and
correctdesigndecisionsin Cougarwill besubstantiallydifferentthanthosein TeleTiny.

4.1 RelatedDatabaseProjects

Work on CACQ is heavily indebtedto a variety of adaptive queryprocessingsystems,mostnotablyEddies.
Eddieswereoriginally proposedin [4]. Thework wasnotspeci�cally focusedon continuousqueryprocessing,
althoughattentionto adaptivity andresponsivenessin eddyleadto somesharedattributeswith continuousquery
systems,suchastheuseof non-blocking,pipelinedoperatorsandtheability to performmid-queryreoptimiza-
tion via tuplelineage.

Notionsof adaptivity andpipeliningusedthroughoutmy researcharewell establishedin theresearchcom-
munity. Parallel-pipelinedjoins,usedheavily in CACQ,wereproposedin [50]. AdaptivesystemssuchasXJoin,
QueryScrambling,andTukwila [47, 48,22] demonstratedthe importanceof pipelinedoperatorsto adaptivity.
Fjordsis closelyrelatedto thesesystemsaswell, asit seeksto provideamechanismto unblockqueryprocessing
operatorsthatmightotherwisebeforcedto wait for blockingoperatorsto return.

ContinuousQueries

Existing work on continuousqueriesprovides techniquesfor simultaneouslyprocessingmany queriesover a
variety of datasources.Thesesystemsproposethe basiccontinuousqueryframework adoptedin CACQ and
alsooffer someextensionsfor combiningrelatedoperatorswithin queryplansto increaseef�ciency. Generally
speaking,the techniquesemployed for sharingwork betweenqueriesareconsiderablymorecomplex andless
effective atadaptingto rapidly changingqueryenvironmentsthanCACQ.

Ef�cient triggersystems,suchastheTriggerMansystem[17] aresimilar to continuousqueriesin that they
performincrementalcomputationastuplesarrive. In general,the approachesusedby thesesystemsis to use
a discriminationnetwork, suchasRETE[13] or TREAT [33], to ef�ciently determinethesetof triggersto �re
whena new tuplearrives. Theseapproachestypically materializeintermediateresultsto reducetheamountof
work requiredfor eachupdate.

Continuousquerieswereproposedandde�ned in [46] for �ltering of documentsvia a limited, SQL-like
language.In theOpenCQsystem[27], continuousqueriesarelikenedto triggersystemswherequeriesconsists
of four elementtuples:aSQL-stylequery, a trigger-condition,astart-condition,andanend-condition.

The NiagaraCQproject [6] is the most recentlydescribedCQ system. Its goal is to ef�ciently evaluate
continuousqueriesover changingdata,typically web-sitesthatareperiodicallyupdated,suchasnews or stock
quoteservers.Usersinstallqueriesthatconsistof anXML-QL [9] queryaswell asadurationandre-evaluation
interval. TheNiagaraCQapproachto optimizingcontinuousqueriesis substantiallydifferentfrom theapproach
presentedin CACQ: groupingin NiagaraCQis performedby a staticqueryoptimizer, andtheorderin which
operatorsareappliedis �x ed by this queryplan. Although planscanbe “dynamically regrouped”,heuristics
for whento do soareunclear, and,unlike our continuousadaptivity, regroupingis anexpensive operationthat
cannotbeperformedfrequently.

TheXFilter andfollow on YFilter system[3, 11] arealsorecentcontinuous-querysystems.Both arebased
on XML-documentsstreaminginto the systemandbeingmatchermatchedto �lter -pro�les expressedin the
XPath [7] language. They optimizesqueriesby indexing pro�les basedon the �lter conditionsthat appear
within thosepro�les. Thus, whena new XML documentarrives in the system,eachof its tagsis matched
againstthis �lter -conditionindex to rapidly determinewhich pro�les have conditionsthat needto be checked

12



againstthe document:essentially, it is an extremelyef�cient predicateindex for matchingXML-documents
andXPathpredicates.It is explicitly focusedon handlingthestructureof XML anddoesnot addressjoins or
adaptivity.

The problemof sharingwork betweenqueriesis not new. Multi-query optimization,asdiscussedin [40]
seeksto exhaustively �nd anoptimalqueryplan,includingcommonsubexpression,betweena smallnumberof
queries.Recentwork,suchas[37, 34] providesheuristicsfor reducingthesearchspace,but isstill fundamentally
basedon thenotionof building aquery-plan, whichweavoid in thiswork.

Streams

Thequeryprocessingarchitectureusedin this paperis essentiallya stream-processor. Fundamentalnotionsof
time-seriesprocessingaredevelopedin SEQ[41],includingextensionsto SQL for windows anddiscussionsof
non-blockingandtimestampedoperators.SVP[35] discussesthesemanticsof streamprocessingandpresents
a niceoverview of parallel-processingin stream-basedenvironments.DeWitt, et al. [10] proposewindows asa
meansof managingjoinsoververy largesetsof data.Tribeca[44] discussesoperatorsfor processingstreamsin
thecontext of network routing;it includesaninterestingdiscussionof appropriatequerylanguagesfor streaming
data.Therearemany otherrelevant languagesin modelsfrom theTemporalDatabaseliterature;see[43] for a
survey of relevantwork.

Aggregation

As a distributed database-styleaggregation engine,the TAG componentof TeleTiny bearssomesuper�cial
similarity to existing distributed query processors.Indeed,the databasecommunityhasproposeda number
of distributedandpush-down basedapproachesfor aggregatesin databasesystems[42, 51], but asdiscussed
in theTAG paper[29], mostof theseassumea well-connected,low-losstopologythat is unavailablein sensor
networks;suchassumptionsmake thetechniquesdevelopedin thesepaperslargely inapplicable.

4.2 RelatedNetworking Projects

The TAG and TeleTiny architecturescombineelementsof databasesand networking to ef�ciently process
queriesin the sensornetwork. Literatureon active networks [45] discussesthe idea that the network could
simultaneouslyroute and transformdata,ratherthan simply servingas an end-to-enddataconduit. Within
the sensornetwork community, work on networks that performdataanalysishasbeenlargely con�ned to the
USC/ISIandUCLA communities.Their work on directeddiffusion[21] discussestechniquesfor moving spe-
ci�c piecesof informationfrom oneplacein anetwork to another, andproposesaggregation-like operationsthat
nodesmayperformasdata�o ws throughthem. Heidemannet al. [18] proposea schemefor imposingnames
onto relatedgroupsof sensorsin a network, in muchtheway that our schemepartitionssensornetworks into
groups. Thesepapersrecognizethat aggregationdramaticallyreducesthe amountof dataroutedthroughthe
network but arefocusedon applicationspeci�c solutionsthat,unlike theapproachin TAG, arenot obviously
applicableor ef�cient in awide rangeof environments.

Networkingprotocolsfor routingdatain wirelessnetworksareverypopularwithin theliterature[24, 1, 15],
however, noneof themaddresshigherlevel issuesof dataprocessing,merelytechniquesfor datarouting. Our
tree-basedroutingapproachis clearly inferior to theseapproachesfor peerto peerrouting,but workswell for
theaggregationscenarioswe arefocusingon.

13



Giventhisoverview of relatedwork, theremainderof this paperis devotedto adiscussionof theremaining
elementsof theTeleTiny systemthatremainto bebuilt andstudiedandabrief timelineoutliningthecompletion
of theseprojectsandmy dissertation.

5 Research Plan and Timeline

The techniquesdiscussedin this paperare the beginningsof a full-�edged systemto extract datafrom and
executequeriesoverstreamsof data�o wing from sensornetworks.To increasetheirvalue,however, therearea
numberof futuredirectionsI planto explorefor theremainderof my Ph.D.

Themajorpushwill be towardtheconstructionof a realTeleTiny implementationthatcombinesTAG and
theschemainterfacerunningon Berkeley Mica sensormoteswith anadaptive queryprocessingsystemsuchas
theTelegraphqueryprocessor. This constructioneffort will yield two signi�cant piecesof research.The �rst
will beanevaluationof theperformanceandcommon-usesof my softwareasdeployedin arealsensor-network
runningon tensor hundredsof motes.Sucha network is currentlybeingdeployed in the Intel researchlab in
downtown Berkeley, andmy summeremploymentwill involve integratingTeleTiny (with instrumentationfor
datacollection)into thisnetwork andgatherstatisticsabouthow it is usedby labdenizens.

The secondmajor researcheffort will be a characterizationof the resourceconstraintsthat arisein sensor
queryprocessing,anda setof techniquesfor limiting useof theresourcesandexpressingconstraintsto users.
Therearea numberof resource-constraint problemsthatarisein TeleTiny: power, radio-bandwidth,andmem-
ory areall limited resourcesthatcouldeasilybeexhaustedunderheavy queryworkloads.Understandinghow to
conserve theseresources,andwhatcontrolandfeedbackneedsto begivento theuserto maximizethatconser-
vation is animportantresearchareathatwill dramaticallyaffect theusefulnessof any sensorqueryprocessing
system.Someof the techniquesneededin this areacomedirectly from othersensorresearch:enteringa very
low power statebetweendatasamplesor radio-communications,for instance,is a goalof all TinyOSsoftware.
Other techniques,suchas suppressingvaluesthat changevery little or that are supersededby the valuesof
neighboringsensors,areapproachesuniqueto TeleTiny.

DevelopmentEffort

Pursuingthisresearchrequiresamajordevelopmenteffort, asneitherof theaboveprojectscanbeproperlydone
without anactualsystem:simulations,thoughvaluableto a certainextent,aresimply not capableof modeling
radio lossor interference,embeddedCPU load, or power consumptionaccurately. As with previous efforts,
TeleTiny developmentcanbebroadlypartitionedinto sensor-softwaretasksandqueryprocessortasks.On the
sensorside,this includes:

1. On-motesoftware: I am currentlydevelopinga suiteof softwarecomponentsthat allow databasestyle
queries,consistingof groupedaggregatesand selectionpredicates,to be pusheddown into a network
of motesrunningTinyOS. This software includesthe infrastructurefor forwarding queriesand results
betweenmotes,schedulingandsharingthedelivery of datafor multiple simultaneousqueries,andinter-
facingto theon-boardcataloginterfacethatallows motesto determinewhatdata�elds they canprovide
to aquery.

2. Userde�nedfunctions:Oneof thekey featuresof thein-moteaggregationsystemis theability to support
user-de�ned �lters andaggregates.Thesetake theform of virtual machinefunctionspushedinto thesen-
sorsasMaté [25] (aTinyOSvirtual machine)programs;aneffort is currentlyunderway to integrateMaté
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into TeleTiny. This capabilityis particularlyimportantin thecontext of sensors,asmany of thepotential
applicationshave a signal-processing�a vor, in which unconventional(from a databasestandpoint)�lters
andtransformationsareneeded.

In additionto thesepiecesof sensorsoftware,severalmote-to-DBMSinterfacesneedto bedesignedandimple-
mentedbeforea fully functionalsensor-queryprocessorcanbedeployed:

1. Catalog Server: Although a facility for managingcataloginformationon-boardsensorswasdescribed
above, conventional(centralized)databasecatalogdesignsarenot madeto supportthousandsof devices
thatcomeandgo frequently. Furthermore,mostsensorquerieswill not beof theform selectvaluefrom
sensorx but ratherselectvaluefromsensors with propertyx. Designingacatalogthatcanhandlebothof
thesecasesis a requirementbeforea fully usablesensor-querysystemcanbeimplemented.Wei Hong(at
Intel Berkeley) andI have designedthe interfacesfor sucha system.An initial implementationis under
constructionat theIntel lab; I hopeto beableto leveragethisdevelopment.

2. Integration into Telegraph WrapperInterface: The Telegraphdatabasesystemincludesan interfacefor
heterogeneousdatasourcesthat allows themto be “wrapped” into native relationaltables. Integrating
sensordatainto Telegraphvia this interface is an importantsteptoward building an integratedquery
processingsystem(fully realizingthis integrationrequiresthesensor-proxy, describedbelow.)

3. SensorProxyPoliciesandQueryOptimizer:Thesensor-proxy, asdiscussedabove,servesastheinterface
betweenmotesanda moreconventionalDBMS by distributing queriesbetweensensorsandthedatabase
system.Themechanismfor performingthisdistribution is fairly straightforward(asdescribedin [28] and
[29]), but still needsto bebuilt.

Furthermore,therewill be situationswherethe resourcelimitations of sensorswill precludethemfrom
executingcertaintypesof queries,or wheretherewill be so many queriesthat not all of themcanbe
executedon the motes. In thesesituations,somepolicy for choosingwhich queriesto pushdown and
which to executeat the DBMS is needed.Onepossibleformulationfor this policy is asa cost-based
query-optimizationproblem(asin [39]); by usingsucha formulation,it shouldbepossibleto determine
apower-ef�cient partitioningof queriesbetweenmotesandthemainDBMS.

Finally, therearesomequery-processorissuesthat arecloselyrelatedto problemsin sensor-queryprocessing
thatI have beenexploring in conjunctionwith theBerkeley databasegroup:

1. Historical Data Interface: ThecurrentTelegraphsystemdoesnot provide a mechanismfor loggingand
queryinghistoricalsensordata,or for combininghistoricaldatawith datacurrentlystreaminginto the
system. Over this summer, I plan to work with the Telegraphresearchgroup to insurethat the next
implementationof theTelegraphsystemincludessupportfor loggingandqueryinghistoricalsensordata.
Onepossibleapproachfor implementingsuchaninterfaceis to usebroadcast-disk[2] likedatascheduling
to streamhistoricalrecordsneededby thecurrentqueryworkloadwhenqueriesareblocked waiting for
additionalcurrent-timeresultsto bedelivered.

2. QueryModelandStreamingData Semantics: SirishChandrasekaranandI arecurrentlyworking to enu-
meratethespaceof querysemanticsover datastreams.Wehopeto integratethis work into theTelegraph
queryengine,whichwill provide a richly expressive tool for queryingdata�o wing in from sensors.
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Real-world PerformanceStudy

As discussedpreviously, onesigni�cant contribution of this work will bea performancecharacterizationof the
uni�ed systemandits varioussub-systems.This characterizationwill take the form of a numberof empirical
measurementsof the parametersof the systemin a real-world environment,namelythe building monitoring
applicationcurrently being deployed at the Intel-Berkeley lab. By deploying a real systemin the lab, and
allowing laboccupantsto executequeriesover thesystemfor anextendedperiodof time,it shouldbepossibleto
measurehow peoplewouldactuallyuseaninteractive sensorqueryprocessingsystem.In additionto validating
theusefulnessof my thesis,a “user-study” of this sortwould beanextremelyvaluableasset,astherearemany
assumptionsmadeby currentresearchprojectsonstreamingandcontinuousqueries(bothatBerkeley andother
universities)aboutrateof dataarrival, commonalityof work betweenqueries,lossrates,etc.,thatmayor may
notbevalid. Measurementsthatwould ideallycomefrom aperformancestudyinclude:

1. Typesof Queries: Whatkindsof queriesarepeopleinterestedin runningover sucha network? Are the
queriestypically over thecurrentstateof thesystem,or over thehistoricalstateof thesensors?Whatdata
ratesdouserswant?To whatextentis sharing(in thestyleof CACQ)possiblegiventhisqueryworkload?

2. LossCharacteristics: What percentageof data that sensorssendactually makes it to the root of the
network? If mechanismsto improve reliability (suchasretransmission)areused,how effective arethey
andwhatis theirpower overhead?

3. PowerCharacteristics: Whatis thepower drainon thesensors?How do differenttypesof queriesaffect
thatpower drain?

4. Amountof Storage: Whatarethestoragedemandsplacedon thesensorsthemselves?TAG requiresthat
sensorskeepa small cacheof theaggregatevaluesof their children. How big is thatcachetypically (in
termsof bytes?) Are theresituationswherethe memorydemandsof the queriesexhaustthe available
RAM?

5. ServerLoad: At what rateis dataactuallybeingdeliveredto the server-basedqueryprocessor?Is the
performanceof the queryprocessingsystemsigni�cant? Of the queriesrunningat a given time, how
many canbeexecutedin thenetwork andhow many mustberuncentrally?

6. Variability in Data Ratesand Selectivities: How muchvariability is therein dataratesfrom different
sensors?How dotheselectivitiesof variousselectionpredicatesvaryover time,andaretherecorrelations
with externalphenomena(e.g.dayof week,timeof day)?Determiningif suchvariability existswill help
to show whetheradaptive queryprocessingtechniquesof thesortproposedby theTelegraphprojectare
actuallynecessary.

7. Lifetimeof Queries: How long do typical queriesrun? Are usersmostly just looking for snapshotsof
thecurrentstateof thenetwork, or do they poselong runningmonitoringqueriesthat look for particular
phenomena?

ResourceMitigation

As discussedabove, the secondadditionalresearchcomponentof my thesiswill involve characterizingthe
resourcelimitationsof sensorsandsensor-queryprocessorsandasetof techniquesto dealwith theselimitations.
Possiblelimitationsinclude:
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1. Power: Any battery-basedsensornetwork muststrive to reducepower consumptionwhenever possible,
sinceassoonaspower is exhausted,queryprocessingends.Reducingcommunication,samplerate,and
sleepingtheprocessoraretheprimarytechniquesfor power reduction.Suchtechniquesmustbebuilt into
TeleTiny from thegroundup.

2. RadioCommunication: Radiobandwidthis limited. It is maynot bepossibleto deliver dataat theuser
requestedratefrom all sensorsin thenetwork. Techniquesto aggregateandreducecommunication(such
asTAG), aswell asnotify theuserandallow him or herto adapthis queryto changingbandwidthavail-
ability areneeded.Furthermore,radio communicationis inherentlylossy; sometechniquesto mitigate
suchlosses(suchasretransmission)arepossible,but thequeryprocessormustalsonotify theuserthat
lossis happeningandprovide informationaboutthemagnitudeandlocationof suchloss.

3. SensorCPU: In currentresearch[20, 28, 29] the loadon thesensorCPUis consideredsecondaryto the
communicationcostsof algorithms,sincecommunicationtendsto dominatepower consumption.How-
ever, understandingwhat proportionof power consumptionis due to the CPU, and what tradeoffs in
queryprocessingcanbe madeto reducethat consumptionis important,particularlyif the radio is used
infrequently.

4. SensorRAM: With only 4K of RAM, Motesarevery limited in what they canstore.Understandingthe
memoryrequirementsof variousalgorithms,suchasTAG, andtheplaceswhereadditionalmemorycan
beusedto reducecommunicationor increaseperformance,is animportantcontribution.

5. HostCPU: Althoughit seemsthatthesmallquantityof data�o wing in from TinyOS-stylemoteswould
not be enoughto overwhelma modernPC, the hostPC mustmultiplex all userqueriesover the sensor
datastreaminginto the system,andcombinethat datawith otherdatasourcesusersmay have queried.
If thereareenoughqueries,thenon-sensordatais large enoughor thesensorcommunicationchannelis
augmentedto deliver morebandwidth,thecentralizedhostPCcouldbecomea bottleneck.

6. HostStorage: Streams,evenlow bandwidthstreamsfrom sensornetworks,arein�nite andwill eventually
exhaustthestoragecapacityof ahostPC.

Thus,therearemany resourcesat play in TeleTiny. Partof theperformancestudydiscussedin theprevious
sectionwill bean effort to determinewhich of theseresourcesareactuallylimited in thebuilding monitoring
scenario.

Someof the techniquesfor dealingwith resourcelimitations wereproposedin earlierwork: for instance,
TAG dealsdirectlywith thebandwidthandpowercostsof queryprocessing,andproposesseveraltechniquesto
increasethereliability of communicationsin theTeleTiny environment.Similarly, CACQ is aneffort to reduce
queryprocessorCPUutilizationandRAM requirementsin streamingcontinuousqueryenvironments.

It is lesswell understoodhow to handleothertypesof resourcelimitations. For example,becausestreams
areeffectively in�nite, they caneasilyexhauststoragecapacityof a hostqueryprocessor, evenonewith a big
disk. Somesetof techniquesfor expressingto theuserthesubsetof thedatathatis still in thesystem,aswell as
techniquesfor summarizingandexpiring old data,areneeded.TheSTREAM projectat Stanford[5] discusses
summarizationtechniques,but morework is neededbeforeits clearhow or whento applysuchsummaries.

Summary

Fjords[28], CACQ[30], andTAG [29], alongwith thesensorcatalogandvisualizationsystemsI havebuilt form
a solid researchfoundationfor sensorqueryprocessing.However, to completetheresearchprojectsdescribed
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above, andempirically verify the ideaspresentedin thesepapers,a completesystemmustbe built, deployed,
andstudied.

Thus,my primaryresearchagendais to developtheTeleTiny queryprocessingsystemfor streamingsensor
data.Therearetwo key componentsto TeleTiny: anon-sensorqueryenginefor computingaggregatesandselec-
tionsin apower-ef�cient manner;andaserver-sidequery-processorspeciallydesignedto handlestreamingdata
andcontinuousqueries.Furthermore,the interfacebetweenthesetwo componentsis very important,serving
two key roles:�rst, it allowssensordatato betreatedlikeothertypesof streamingdatawithoutsquanderingthe
limited poweravailableto themotesand,second,it interfacesthedatabase's catalogtheinternalschema'sof the
neighboringmotes.

Along with thiscoresystem,thereareseveralimportantresearchproblemstheTeleTiny systemwill helpto
answer. The�rst is a characterizationof thereal-world queryanddataworkloadsthatareplacedon thesystem
with anunderstandingof thebottlenecksanddemandsof queryprocessingin asensorenvironment.Thesecond
is setof techniques(andexpressionsof thosetechniquesto theend-user)thatcanbeusedto controlandlimit
theutilizationof theveryscarcepower, memory, andbandwidthavailableto sensors.

Timeline

I planaddresseachof theabove researchtasksin thenext 6 - 9 months,with thegoalof completingmy thesis
in theSpringor Summerof 2003.Thefollowing timelinemapsout thescheduleof research:

� May- June, 2002: Completesensor-sidesoftwarewith User-De�ned Functions,SchemaAPI, andCatalog
Server (with Wei Hong.)

� June2002: SubmitICDE paperonstreamingsemantics(with SirishChandrasekaran).

� June- August,2002: Integratewith Telegraph(or its successor),build sensorproxy with someinitial set
of policies,deploy labmonitoringapplication,andcollectdataonusagepatternsin thenetwork (with Wei
Hong,Intel Berkeley, andTelegraphresearchgroup.)

� August- November, 2002: Integratewith historical datainterfaceof Telegraph. AssumingTelegraph
engineimplementationgoesasplanned,thisshouldbestraightforward(with Telegraphresearchgroup.)

� November2002: SIGMODpaperon real-world measurementsfrom sensor-networks.

� August- January, 2003: Exploreandimplementmechanismsfor handlingresourceconstraints.

� February, 2003: VLDB paperon resourceconstraints.

� February- May2003: CompleteDissertation.

References
[1] W. Adjue-Winoto, E. Schwartz,H. Balakrishnan,andJ.Lilley. Thedesignandimplementationof an intentionalnamingsystem.

In ACM SOSP, December1999.
[2] D. Aksoy, M. J.Franklin,andS.Zdonik. Datastagingfor on-demandbroadcast.In VLDB, Rome,September2001.
[3] M. Altinel andM. Franklin. Ef�cient �ltering of XML documentsfor selective disseminationof information. In International

Conferenceon VeryLarge DataBases, September2000.
[4] R. Avnur andJ.M. Hellerstein.Eddies:Continuouslyadaptive queryprocessing.In ACM SIGMOD, pages261–272,Dallas,TX,

May 2000.
[5] B. Babcock,S.Babu, M. Datar, R. Motwani,andJ.Widom. Modesandissuesin datastreamsystems.In ACM PODS, 2002.
[6] J. Chen,D. DeWitt, F. Tian, andY. Wang. NiagaraCQ:A scalablecontinuousquery systemfor internetdatabases.In ACM

SIGMOD, 2000.

18



[7] J.Clark andS.DeRose.XML pathlanguage(XPath)version1.0,November1999.http://www.w3.org/TR/xpath.
[8] S.Corporation.WINSNG 2.0platformstatus.Presentation,April 2001.http://www.darpa.mil/ito/research/proceedings/sensit2001apr/WINSNG2PlatformStatus-

Sensoria-200104.pdf.

[9] A. Deutsch, M. Fernandez,D. Florescu, A. Levy, and D. Suciu. XML-QL: A query language for XML, 1998.
http://www.w3.org/TR/NOTE-xml-ql.

[10] D. DeWitt, J.Naughton,andD. Schneider. An evaluationof non-equijoinalgorithms.In VLDB, Barcelona,Spain,1991.
[11] Y. Diao,M. Franklin,H. Zhan,andP. Fischer. Pathsharingandpredicateevaluationfor high-performancexml �ltering. Submitted

for Publication.
[12] D. Estrin, L. Girod, G. Pottie, and M. Srivastava. Instrumentingthe world with wirelesssensornetworks. In International

Conferenceon Acoustics,Speech, andSignalProcessing(ICASSP2001), SaltLake City, Utah,May 2001.

[13] C. Forgy. RETE:A fastalgorithmfor themany patterns/many objectsmatchproblem.Arti�cial Intelligence, 19(1):17–37,1982.
[14] J. Gerhke, M. Calimlim, W. F. Fung, and D. Sun. Cougar design and implementation. Design Documnent.

http://www.cs.cornell.edu/database/cougar/CougarDesignDoc.htm.

[15] T. Goff, N. Abu-Ghazaleh,D. Phatak,andR. Kahvecioglu.Preemptive routingin adhocnetworks. In ACM MobiCom, July2001.
[16] G. Graefe.Queryevaluationtechniquesfor largedatabases.ACM ComputingSurveys, 25(2):73–170,1993.

[17] E. Hanson,N. A. Fayoumi,C. Carnes,M. Kandil, H. Liu, M. Lu, J.Park,andA. Vernon.TriggerMan:An AsynchronousTrigger
ProcessorasanExtensionto anObject-RelationalDBMS. TechnicalReport97-024,Universityof Florida,December1997.

[18] J.Heidemann,F. Silva,C. Intanagonwiwat, R. Govindan,D. Estrin,andD. Ganesan.Building ef�cient wirelesssensornetworks
with low-level naming.In SOSP, October2001.

[19] J. M. Hellerstein,M. J. Franklin,S.Chandrasekaran,A. Deshpande,K. Hildrum, S. Madden,V. Raman,andM. Shah.Adaptive
queryprocessing:Technologyin evolution. IEEEData EngineeringBulletin, 23(2):7–18,2000.

[20] J. Hill, R. Szewczyk, A. Woo, S.Hollar, andD. C. K. Pister. Systemarchitecturedirectionsfor networkedsensors.In ASPLOS,
November2000.

[21] C. Intanagonwiwat, R. Govindan,, andD. Estrin. Directeddiffusion: A scalableandrobustcommunicationparadigmfor sensor
networks. In MobiCOM, Boston,MA, August2000.

[22] Z. G. Ives,D. Florescu,M. Friedman,A. Levy, andD. S. Weld. An adaptive queryexecutionsystemfor dataintegration. In
Proceedingsof theACM SIGMOD, 1999.

[23] J.M. Kahn,R. H. Katz,andK. S.J.Pister. Mobile networking for smartdust. In MOBICOM, Seattle,WA, August1999.
[24] J. Kulik, W. Rabiner, andH. Balakrishnan.Adaptive protocolsfor informationdisseminationin wirelesssensornetworks. In

MobiCOM, Seattle,WA, 1999.
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